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Abstract
In most real-time systems, particularly for applications involving system
identification, latency is a critical issue. These applications include, but are
not limited to, blind source separation (BSS), beamforming, speech derever-
beration, acoustic echo cancellation and channel equalization. The system
latency consists of an algorithmic delay and an estimation computational
time. The latter can be avoided by using a multi-thread system, which runs
the estimation process and the processing procedure simultaneously. The for-
mer, which consists of a delay of one window length, is usually unavoidable
for the frequency-domain approaches. For frequency-domain approaches, a
block of data is acquired by using a window, transformed and processed in
the frequency domain, and recovered back to the time domain by using an
overlap-add technique.

In the frequency domain, the convolutive model, which is usually used
to describe the process of a linear time-invariant (LTI) system, can be rep-
resented by a series of multiplicative models to facilitate estimation. To
implement frequency-domain approaches in real-time applications, the short-
time Fourier transform (STFT) is commonly used. The window used in the
STFT must be at least twice the room impulse response which is long, so
that the multiplicative model is sufficiently accurate. The delay constraint
caused by the associated blockwise processing window length makes most the
frequency-domain approaches inapplicable for real-time systems.

This thesis aims to design a BSS system that can be used in a real-time
scenario with minimal latency. Existing BSS approaches can be integrated
into our system to perform source separation with low delay without affecting
the separation performance. The second goal is to design a BSS system that



can perform source separation in a non-stationary environment.
We first introduce a subspace approach to directly estimate the separation

parameters in the low-frequency-resolution time-frequency (LFRTF) domain.
In the LFRTF domain, a shorter window is used to reduce the algorithmic
delay of the system during the signal acquisition, e.g., the window length is
shorter than the room impulse response. The subspace method facilitates
the deconvolution of a convolutive mixture to a new instantaneous mixture
and simplifies the estimation process.

Second, we propose an alternative approach to address the algorithmic
latency problem. The alternative method enables us to obtain the separa-
tion parameters in the LFRTF domain based on parameters estimated in
the high-frequency-resolution time-frequency (HFRTF) domain, where the
window length is longer than the room impulse response, without affecting
the separation performance.

The thesis also provides a solution to address the BSS problem in a non-
stationary environment. We utilize the “meta-information” that is obtained
from previous BSS operations to facilitate the separation in the future with-
out performing the entire BSS process again. Repeating a BSS process can
be computationally expensive. Most conventional BSS algorithms require
sufficient signal samples to perform analysis and this prolongs the estima-
tion delay. By utilizing information from the entire spectrum, our method
enables us to update the separation parameters with only a single snapshot
of observation data. Hence, our method minimizes the estimation period,
reduces the redundancy and improves the efficacy of the system.

The final contribution of the thesis is a non-iterative method for impulse
response shortening. This method allows us to use a shorter representation
to approximate the long impulse response. It further improves the computa-
tional efficiency of the algorithm and yet achieves satisfactory performance.
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Chapter 1

Introduction

This chapter provides an introduction to the thesis. It first defines a state-
ment of the problem that the thesis aims to solve and next it briefly discusses
the limitations of the conventional approaches. It concludes with the orga-
nization of the thesis.

1.1 Problem Statement and Potential Solu-
tions

Human brains can extract a particular sound source of interest even though
the environment is noisy. This phenomenon is so-called “the cocktail party
effect”, which is the ability to focus one’s auditory attention on an interesting
stimulus while filtering out unwanted stimuli [193]. The same functionality
can be particularly useful in many communication devices, for instance, hear-
ing aids, mobile phones, video calling, smart speakers and so on. For hear-
ing aids, mobile phones and video calling, it can help users to comprehend
speech better in a noisy environment by delivering a source of interest and
suppressing unwanted signals. It can also help devices such as smart speakers
to improve the speech recognition performance by filtering out noise.

A basic approach to improve signal reception is the beamforming tech-

1



2 CHAPTER 1. INTRODUCTION

nique [99]. A physical beamformer is designed such that it forms a re-
sponse pattern with higher sensitivity in desired directions using a sensors ar-
ray [187]. This can be achieved by filtering the observation signals, such that
the signals from desired directions experience constructive interference while
others experience destructive interference. In a free-field (non-reverberant)
scenario, the source separation problem can often be solved in a satisfactory
manner with beamforming techniques. However, in a reverberant scenario
(e.g., a classroom), the effective signal consists of contribution via the direct
path and early reflections from arbitrary directions [23]. The early reflec-
tions can compensate for background noise and increase intelligibility [58].
Hence, if beamforming is used to capture the direct path signal, much useful
information will be lost as the relative strength of the desired signal will be
low. Moreover, the arrangement of the sensors must be known explicitly.

Blind source separation (BSS) is another family of approaches to solving
the cocktail party problem. The aim of BSS is to separate the original source
signals from the mixture without any knowledge of the source signals and the
mixing process. It makes no assumption on spatial locations of the original
sources. Thus, in a reverberant environment, the recovered sources may
contain direct path components and also reflections. Since early reflections
can compensate for background noise [58], signals with higher signal-to-noise-
ratio (SNR) level can be recovered. Moreover, BSS relaxes the restriction of
beamforming, which relies on knowledge of the array structure of the sensors
and the location of the sources to extract interested sources. Hence, if BSS
is used the sensors can be placed at arbitrary locations. These two factors
make BSS a better and more space-saving solution than beamforming.

The topic of BSS has been widely studied over the last two decades.
An enormous number of approaches were proposed for BSS problems [1,
20, 142, 198]. However, most methods are not applicable to practical real-
world applications because of the system latency issue, especially for the BSS
approaches that operate in the frequency domain. They generally require a
window length that is longer than the mixing filter, so that the system model
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is sufficiently accurate. This lengthens the algorithmic delay of a BSS system.
Hence, these methods are limited to off-line computation.

In some situations, the environment may vary. The changes can be due
to time-varying mixing channels, moving sources or dynamic source num-
ber. Hence, the separation parameters in the BSS system must be up-
dated frequently to ensure good separation performance. Recently, a few
methods were proposed to address the BSS problem for changing environ-
ments [128,169,175]. These methods often perform BSS from scratch without
utilizing the “meta-information” that is available from previous operations.
This affects the efficiency of a real-time system. Moreover, they also suffer
from the problem caused by the algorithmic delay.

The overall goal of this thesis is to develop real-world BSS techniques
that can be integrated with existing BSS approaches to perform source sep-
aration in real-time with minimal latency. The methods are beneficial to
many real-time audio appliances, for instance, hearing aids, mobile phones,
video calling, smart speaker and so on. Moreover, they must be efficient
while operating in non-stationary environments. The methods reduce the es-
timation delay, so that the separation parameters can be updated promptly
to guarantee good separation performance at all times.

1.2 Limitations of Conventional Approaches

In this section, we first provide a brief introduction of the blind source sep-
aration (BSS) technique and its potential applications. Next, we discuss the
limitations of conventional BSS approaches while implementing in practical
real-world applications.

Blind source separation aims to extract original sources from their mix-
tures without any prior knowledge of the mixing channels and the sources.
The technique is particularly useful in a multi-talker acoustic environment as
it is able to extract a targeted source signal and remove the other signals. For
instance, the BSS algorithm can be applied in hearing instruments to help
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users to concentrate on a particular talker. BSS can also be implemented
in devices such as mobile phones and smart speakers, so that cleaner speech
signals can be obtained. This can facilitate further operations, for instance,
noise reduction and speech recognition.

In many applications, the mixing process is convolutive. This makes the
problem more complicated as the mixing channels contain memory. To facil-
itate the estimation and improve the computational efficacy, the convolutive
BSS problem is often transformed into the time-frequency (TF) domain [129].
If the windows used are sufficiently long, then the time-domain convolutive
mixture becomes a set of instantaneous mixtures in the TF domain, which
can then be solved by using an instantaneous BSS algorithm for every fre-
quency bin, such as the conventional independent component analysis (ICA)
approach [20, 36, 69].

Unfortunately, most existing TF-domain BSS techniques cannot be ap-
plied directly in a real-time system. The methods share a latency problem.
We can decompose the delay into an algorithmic delay and an estimation
delay.

The algorithmic delay is the delay inherent to the algorithm, which cannot
be solved by devising programming or using faster processors. This makes it
of great importance for real-time implementations. Most real-time systems
operate on a block-by-block basis [111]. That is, they first capture a block of
mixture samples using a short-time (ST) window, perform a discrete Fourier
transform (DFT) and conduct the separation process in the frequency do-
main. They then transform the modified data into the time-domain, using
an overlap-add technique [6] to synthesize the signals. Thus, an algorithmic
delay of at least one ST window length is necessary.

To ensure that the instantaneous BSS model in the TF domain is suffi-
ciently accurate, the length of the ST window has to be at least twice the
length of the mixing filters [10, 146]. In the real world, the effective mixing
filters are generally long. For instance, a regular classroom with a dimension
of 9 m × 6 m × 2.7 m has a reverberation time of about 0.5 s [23]. Hence,



1.2. LIMITATIONS OF CONVENTIONAL APPROACHES 5

the algorithmic delay of the conventional BSS algorithms will be at least 1 s.
This is not acceptable in the live-communication applications, such as hearing
instruments, where the acceptable range for the delay is less than 30 ms [56].
For voice over internet protocol (VOIP) applications, the recommendation
of the maximum delay for one-way transmission is 150 ms [51].

Figure 1.1: A two-threaded system for a blind source separation application

The estimation delay is the time taken for computing the demixing opera-
tors. The problem caused by the estimation delay can be reduced by employ-
ing a two-threaded system [121,122,162,172] as depicted in Fig. 1.1. The first
thread is responsible for the separation process. This involves transforming
input data into the frequency domain, multiplying the separation parameters
and finally transforming the processed data into the time domain for render-
ing for the user. The second thread is responsible for the estimation process.
In this thread, the separation parameters will be estimated after acquiring a
sufficient amount of input data. By using a two-threaded system, the sepa-
ration and estimation processes can be performed in parallel. The separation
parameters are first initialized and then updated after every iteration of the
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estimation process. During intervals between the estimation updates, the
separated output signals are processed by the same separation parameters.
Hence, the two-threaded system can only be useful in a stationary scenario
or in an environment that is changing slightly.

The BSS performance during the intervals between the estimation pro-
cesses in a two-threaded system can be affected significantly in a non-stationary
environment. An example case where a new, relatively loud, source is intro-
duced into the system, where the new source can either be stationary or
moving. Most existing BSS approaches require a sufficient number of sam-
ples to perform source separation, so that satisfactory performance can be
obtained, such as the conventional ICA method. This prolongs the estima-
tion period and degrades the user experience as the source signals cannot be
recovered well until the new separation parameters are updated.

This thesis aims to solve the latency issue caused by the conventional
frequency-domain BSS approaches, so that they will be applicable for real-
time applications. The details of the contribution of the thesis are discussed
in the next section.

1.3 Contribution of the Thesis

The overall structure of the thesis contribution is illustrated in Fig. 1.2.
We focus on the latency problem of the BSS approaches, which is the major
limitation factor that makes most of the existing BSS approaches inapplicable
in real-time systems. Our aim is to design a BSS system that can operate in
real-time with minimal latency.

In the thesis, we distinguish the system latency into two types, which
are the algorithmic latency and the estimation delay. In a two-threaded
BSS system, the algorithmic latency is related to the separation process
in the first thread while the estimation delay is related to the estimation
process in the second thread. We want to reduce the algorithmic delay of
our BSS system should, so that it falls within the acceptable range of live-
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Figure 1.2: Overall structure of the thesis contribution.

communication applications, i.e., below 30 ms [56]. We also want to minimize
the computational cost of the BSS algorithm to reduce the estimation delay,
so that the separation parameters can be updated promptly. We now briefly
discuss our contributions for each of the latency problems.

1.3.1 Algorithmic latency

We propose two methods to reduce the algorithmic delay of the BSS system.
The first approach is presented in Chapter 3. The approach directly op-
erates in the low-frequency-resolution time-frequency (LFRTF) domain. In
the LFRTF, the window length is shorter than the room impulse response.
The proposed approach reformulates the convolutive problem into a multi-
plicative one and utilizes a subspace method to identify the subspace of the
solutions. The final separation parameters can then be estimated using the
existing BSS approaches. However, the computational cost of this approach
may be high due to long mixing channels and an increasing number of obser-
vations. The second approach, which is presented in Chapter 4, avoids this
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problem and it is more applicable to real-world systems. It first performs the
BSS operation using existing BSS methods in the high-frequency-resolution
time-frequency (HFRTF), where the window length is longer than the room
impulse response, so that the instantaneous model is sufficiently accurate.
Then it designs the separation parameters in the LFRTF, so the separation
procedure can be performed with minimal latency.

1.3.2 Estimation delay

In Chapter 5, we also consider the non-stationary scenario, where a new
source is introduced into the system. By using the “meta-information” that
is preserved from the previous BSS operations, our BSS system can adapt
to the changing environment as soon as possible to find the optimal solution
for separating the new source. Thus, the system can be updated promptly
without re-performing the BSS algorithm from scratch.

Furthermore, we propose a non-iterative method for impulse response
shortening in Chapter 6. This method enables us to approximate the long
impulse responses with shorter representatives to reduce the computational
cost. We exploit that the scaling ambiguity has a minimal effect on the BSS
separation performance. Thus, we apply scaling factors to smoothen the
frequency response and reduce the length of the impulse response.

1.4 Organization of the Thesis

The remainder of the thesis is organized as follows. Chapter 2 provides the
literature review of the existing BSS approaches and the related work. The
main contributions of the thesis are presented in Chapter 3-6. Chapter 7
draws conclusions and discusses possible future works. We now present a
brief overview of each chapter:
Chapter 2: This chapter provides a literature review and background of
the thesis. We first discuss the system model of a cocktail party problem.
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Next, we study various techniques of the existing BSS and beamforming
algorithms and discuss the advantages and the disadvantages of each method.
The main problems of the TF-domain BSS approaches, which are so-called
permutation and scaling ambiguities, are also discussed. Finally, we provide
a brief summary of the existing approaches and discuss the important aspects
that this thesis aims to solve.
Chapter 3: In this chapter, we provide a method to directly estimate
the separation parameters in the low-frequency-resolution time-frequency
(LFRTF) domain. This allows a short window length to capture signal sam-
ples, and hence the system latency can be reduced. The window length can
be shorter than the impulse response. The mixing model remains a convo-
lutive model in the LFRTF domain but with a shorter memory. This makes
the problem tractable and facilitates the estimation procedure for finding the
separation parameters in the BSS system.
Chapter 4: In this chapter, we provide a post-processing method that fa-
cilitates the reduction of the algorithmic latency of a system by using existing
TF-domain BSS algorithms. This method allows the estimating process to be
performed in the high-frequency-resolution time-frequency (HFRTF) domain
while the separation is performed in the LFRTF domain. In the HFRTF do-
main, the window length is longer than the impulse response, which makes
the instantaneous mixing model in the frequency domain sufficiently accu-
rate. Hence, the mixing or demixing parameters can be estimated using
existing BSS algorithms. We then compute the separation parameters in
the LFRTF domain using the parameters that are estimated in the HFRTF
domain.
Chapter 5: This chapter aims to solve the BSS problem in a non-stationary
scenario, especially for the case when a new, relatively loud, source is intro-
duced into the system. The proposed method allows the system to update
the separation parameters promptly by using “meta-information” that is pre-
served from previous BSS operations. By using information from the entire
spectrum, we can update the separation parameters within only one block
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of data. This minimizes the estimation delay and improves the system ef-
ficacy. We can also avoid redundant operations, such as repeating the BSS
algorithm, which is often time-consuming.
Chapter 6: In this chapter, we provide a non-iterative method for impulse
response shortening. The idea originates from the fact that zero-padding a
time-domain signal makes the spectrum of the signal smoother in the fre-
quency domain. Moreover, the separation performance is not affected sig-
nificantly by a scaling of the frequency bins. Thus, we are able to apply
optimized complex scaling factors to the frequency-domain mixing channels,
so that the spectrum becomes smoother across frequencies, which implies
that shorter responses are obtained. The computational complexity can be
reduced by using shorter representatives of the impulse responses, and hence,
the estimation delay can be decreased.
Chapter 7: This chapter summarizes the thesis and draws general con-
clusions of the research topic. Possible future research directions are also
discussed.



Chapter 2

Background and Literature
Review

In this chapter, we provide a literature review and background on the topic of
blind source separation (BSS), which is a common technique used to address
the cocktail party problem. First, we discuss possible applications that the
BSS technique can be implemented. Second, we discuss a BSS model that
is used for acoustic signals. Third, we study various existing approaches
for BSS and discuss their basic principles. This is followed by a discussion
about the permutation and scaling ambiguities that presented in the BSS
approaches, which are operating in the time-frequency domain. Then, we
study the existing approaches to deal with this problem. We also provide a
brief overview of the beamforming techniques. Finally, the chapter concludes
with a brief summary about the drawbacks of the studied approaches.

2.1 Possible BSS Applications
Blind source separation (BSS) aims to simultaneously separate mixtures into
each independent signal of interest. It has been widely used in many different
fields. These applications include but are not limited to image [88, 117],
biomedical [74,77,115], Sonar [38,44], seismic [103,173], telecommunications

11
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[31, 179], and audio [106, 190] applications. In the thesis, we are interested
in acoustics applications, and hence in the remaining of the chapter all the
discussions and the derivations are based on acoustics implementations.

In audio applications the BSS technique can be implemented in many
types of devices, such as hearing aids, mobile phones and smart speakers. It
enables users to focus on the source that they are only interested in. BSS
systems are particularly useful in a noisy environment, where a high level of
concentration is needed.

BSS systems can also be implemented in a classroom setting to improve
students learning by helping them to stay focused in class. This can be done
by placing multiple microphones at different arbitrary locations in a class-
room. When people talk, the speech signals are captured by the microphones
and transmitted to a central processor. Then, BSS is performed on the ob-
servation signals by the processor and the separated sources are delivered to
the hearing devices such as hearing aids and earphones.

In many real-world applications, a low latency is required for BSS; this
is particularly true for hearing aids to keep the algorithmic latency between
inputs and outputs as short as possible. Large delay can affect the user
experience due to the loss of lip synchronization [4]. The details of proposed
methods for addressing the algorithmic latency in existing BSS methods are
discussed in Chapter 3 and 4.

In some circumstances, users want to focus on more than one audio
stream. For instance, a new loud source may suddenly appears. The new
source can be a moving bus on a street or a walking waiter in a cafeteria.
The BSS strategy can help to decompose raw mixtures into independent
original sources and the desired sources are then recombined into a meaning-
ful mixture. In this case, the BSS system must be able to adapt promptly.
To address this problem, we propose an approach that allows separation
parameters in the BSS system to be updated within a single snapshot of ob-
servation data. The details will be discussed in Chapter 5. We also provide
an approach to reduce estimation latency of the BSS system in Chapter 6.
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We have briefly discussed the potential BSS implementations for acoustics
applications. In the next section, we provide a problem formulation of the
BSS system model.

2.2 System Model
In this section, we discuss a convolutive BSS model that can be used for
acoustic signals. In the derivation, we assume a linear time-invariant (LTI)
system in a noiseless scenario.

Denote by M the number of sensors and L the number of original sources.
Let Aτ denote a matrix of the unknown mixing filters or the channel impulse
responses at time τ , for instance, Aml

τ (the entry of Aτ in row m and column
l) indicates the coefficient of the impulse response between observation m

and source l at time τ . The mixing of the original signals in a LTI system
without noise can be represented as [139]

xt =

Nh−1∑
τ=0

Aτst−τ ∈ RM×1, (2.1)

in discrete form, where xt =
[
x1t · · · xMt

]T
is a vector of the observation

signals, st =
[
s1t · · · sLt

]T
is a vector of the original sources and Nh is the

length of the impulse response. If M > L the problem is overdetermined,
it is determined if M = L and it is underdetermined if M < L [7]. In this
research, we will focus on the first scenario, i.e., M > L.

Consider a block consists of K samples instead of individual samples at
time t, where K > Nh, Eq. (2.1) can be expressed as

Xt = ASt, (2.2)

where
Xt =

[
xT
t xT

t−1 · · ·xT
t−K+1

]T
∈ RMK×1, (2.3)

St =
[
sTt sTt−1 · · · sTt−K−Nh+1

]T
∈ RL(K+Nh−1)×1, (2.4)
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A =


A0 · · · ANh−1 0 0

0
. . . . . . . . . 0

0 0 A0 · · · ANh−1

 ∈ RMK×L(K+Nh−1). (2.5)

Note that A has a block-Toeplitz structure [24] as the mixing filters are not
varying in a LTI system.

To separate the original sources from the mixtures, we try to find a demix-
ing matrix W in

Yt = WTXt ∈ RL(K+Nh−1)×1, (2.6)

where Yt is an estimate of the original sources St. However, this requires op-
erations with huge Toeplitz matrices, which is time-consuming and computa-
tionally expensive. Therefore, it is often transformed into the time-frequency
(TF) domain using a short-time Fourier Transform (STFT) [48].

In this thesis, we use two types of TF-domain representations to de-
scribe the time-domain signals. They are high-frequency-resolution time-
frequency domain (HFRTF) and low-frequency-resolution time-frequency do-
main (LFRTF). We now provide the details and the mathematical definitions
of these two TF-domain representations.

2.2.1 The HFRTF-Domain Representation

By the Convolution Theorem [39], a circular convolutive process in the time
domain is equivalent to a multiplicative process in the frequency domain.
The circular convolution describes the linear convolution accurately after
zero-padding [133]. Without zero-padding, there is a discrepancy in the
approximation of a linear convolution by using a circular convolution due
to sampling the continuous frequency representation of a finite length signal
[152]. This artifact is known as a circularity effect. In the TF domain,
the circularity effect can be minimized by using a window that is longer
than the mixing filters, e.g., Nw > 2Nh [10, 145], where Nw indicates the
window length, while performing the STFT. We refer this TF domain as
high-frequency-resolution time-frequency (HFRTF) domain.
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Let p indicates the time-block index and k indicates the frequency bin
index. In the HFRTF domain, by using an appropriate window length, i.e,
Nw > 2Nh, the observations xp,k can be approximated as [29]

xp,k ≈ Aksp,k, (2.7)

where Ak ∈ CM×L is the mixing matrix in frequency bin index k and sp,k

indicates the original sources in the TF domain. Hence, the observation
signals can be approximated by a series of instantaneous BSS models in
every frequency bin k, which simplifies the estimation process. The original
sources in every frequency bin index k can then be separated by using the
demixing matrix Wk, e.g.,

yp,k = WH
k xp,k, (2.8)

where ·H denotes a Hermitian transpose.

2.2.2 The LFRTF-Domain Representation

Recall that the algorithmic latency of the real-time system is related to the
window length. To reduce the system latency, the window length has to be
kept as short as possible, e.g. less than 30 ms. However, the reverberation
time of the common room is generally larger than 30 ms. For instance, a
regular classroom has a reverberation time of about 0.5 s [23]. Hence, the
instantaneous BSS model is no longer valid. By using a short window, which
is generally shorter than the room impulse responses, the mixing model in
the TF domain is still convolutive but with a shorter memory samples. We
refer this TF domain as low-frequency-resolution time-frequency (LFRTF)
domain.

Let denote by p and by p′ the time-block index of the signal and the mixing
filter, respectively, in the LFRTF domain. Let k represents the frequency bin
index and k′ represents the neighbour frequency bin index. The observation
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xp,k in the LFRTF domain can be expressed as [14]:

xp,k =
T−1∑
p′=0

Nw−1∑
k′=0

Ap′,k,k′sp−p′,k′ , (2.9)

where T is the memory length of the mixing filters in the LFRTF domain,
Nw is the length of the window, sp,k denotes the original sources at TF block
index (p, k) in the LFRTF domain, while Ap′,k,k′ for k = k′ indicates a band-
to-band mixing matrix and for k ̸= k indicates a crossband mixing matrix at
memory block index p′. The details for the computation of the mixing filters
Ap′,k,k′ are described in Sec. 4.3.3.

Generally, it is difficult to directly estimate the demixing parameters
for the blind source separation problem in the LFRTF domain. Instead,
we can perform the estimation in the HFRTF domain since many HFRTF-
domain BSS methods have been proposed in last two decades. Then, we
compute the LFRTF-domain demixing parameters based on the HFRTF-
domain estimation. The details will be discussed in Chapter 4.

In the next section, we investigate different existing HFRTF-domain BSS
methods that aim to find either the mixing matrix Ak or the demixing matrix
Wk. For the BSS methods that aim to find the mixing matrix Ak, it requires
an extra operation to estimate the demixing matrix Wk. The straightforward
solution, which for the overdetermined case that we consider, is to compute
the pseudo-inverse of the mixing matrix Ak:

Wk = Ak

(
AH

kAk

)−1
. (2.10)

An alternative solution is to find each demixing vector wl
k (wl

k is the lth

column of Wk) independently, where the demixing vector wl
k lives in the

null space of the subspace that is spanned by the mixing vectors of the other
sources. The details of the method can be found in Sec. 4.3.2 and Sec. 4.3.3.
The separated signals can finally be recovered using (2.8).



2.3. EXISTING BLIND SOURCE SEPARATION APPROACHES 17

2.3 Existing Blind Source Separation
Approaches

Over the last two decades, many techniques have been developed to address
the BSS problem in the HFRTF domain. An overview of approaches can
be found in [71, 142]. These methods consider different aspects of solving
the BSS problem. These attributes include time-invariant filters, statistical
properties of original sources and activity periods of original sources. Most
BSS approaches can be categorized into two main categories: (i) Category 1
intents to find the demixing parameters and (ii) Category 2 aims to estimate
the mixing channels.

In following subsections, we investigate various existing BSS approaches
that are suitable for our applications. Then, we discuss their basic principles.

2.3.1 Independent Component Analysis

The independent component analysis (ICA) technique falls into Category
1. It aims to identify independent components from a linear time-invariant
mixture without any prior knowledge of the mixing system and the original
sources by utilizing the statistical properties of the original sources. It is
higher-order statistics based as it assumes that all the original sources are
independent to each other. Thus, different independence criteria can be used
as a cost function for optimization to estimate the original sources, e.g.,
means of higher order moments or cumulants (fourth order) [72, 163, 197]�
kurtosis [70, 147, 170, 177] and mutual information [8, 16, 20, 68].

The ICA was first introduced by Jutten in 1987 [79], then it was for-
malized for linear mixtures in 1991 by Comon [34, 35]. A family of new
contrast functions for ICA was developed in [67], the computation speed and
the robustness were then further improved by the approach proposed in [68],
which is known as Fast-ICA. A version of Fast-ICA to handle complex sig-
nals can be found in [20]. With the progress of times, more and more ICA
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approaches have been proposed by using different criteria as contrast func-
tions for estimating independent sources [36, 71]. A refinement of the ICA
approach, which is known as independent vector analysis (IVA), has been
proposed [83,84] to avoid permutation issues, which will be discussed in Sec.
2.4 in the time-frequency domain. It considers multivariate components, for
instance, all the frequency bins, while computing the cost function. The IVA
method is further improved by [130–132] to have a faster convergence rate.

Due to the simplicity and efficiency of the complex Fast-ICA algorithm
[20], it is employed as our initial separation method and also used as a com-
parison method in Chapter 3, 4 and 6.

We provide a brief overview of the Fast-ICA approach [20]. By the
Central Limit Theorem, the mixture will follow Gaussian distribution even
though the distribution of each original source is non-Gaussian [127]. Thus,
a demixing matrix can be estimated by maximizing the non-Gaussianity of
every estimated source. Hence, negentropy can be used a contrast function
for the optimization problem. Negentropy is a measure of the distance for
a given distribution to normality. It is vanished if the signal is Gaussian
distributed.

Denote by wl
k the demixing vector for the lth original source, i.e., the

lth column vector in the demixing matrix Wk in frequency bin index k. To
prevent estimating the same source in every iteration, the Fast-ICA algorithm
always makes wl

k to be orthogonal to wi
k, where i = 1, · · · , l−1. This is done

by projecting the final estimate of wl
k into the null space of the subspace that

is spanned by
{
w1

k, · · · ,wl−1
k

}
. Hence, the estimate of the demixing matrix

Wk will be an orthogonal matrix by using the Fast-ICA algorithm. However,
in practice the mixing matrix Ak is not necessarily an orthogonal matrix.

To implement Fast-ICA algorithm with real-world data, a pre-processing
technique the so-called whitening process must first be applied to the obser-
vation data. This transformation makes the processed data have an identity
covariance matrix by minimizing the correlation between principal compo-
nents [81]. Hence, the mixing matrix of the processed data is an orthogonal
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Algorithm 1 Pseudocode of the Fast-ICA algorithm.
Input: xp,k ▷ (p, k) denotes TF block index in the TF domain.
Output: yp,k,Wk

1: for all k do
2: Compute the whitening matrix Qk based on xp,k.
3: Computed the whitened data xQ

p,k.
4: for all l ∈ [1, L] do ▷ L indicates a number of original sources.
5: Estimate wl

k by maximizing the negentropy using the data xQ
p,k.

6: Make wl
k to be orthogonal to wi

k, where i = 1, · · · , l − 1.
7: end for
8: Perform dewhitening process on Wk using Qk.
9: Compute the estimate the original sources yp,k by using (2.8).

10: end for

matrix. The pseudocode of the Fast-ICA algorithm is provided in Algorithm
1.

ICA is a probabilistic approach, which means a sufficient number of sam-
ples is needed to identify statistically independent sources with sufficient
accuracy. Moreover, ICA uses high-order statistics, hence it requires more
number of samples than methods using second order statistics to make the
statistics sufficient. The BSS system with the ICA approach can be useful for
static sources or environments that slightly vary but not the non-stationary
scenarios. If the environment is changing, e.g., a new source is added into
the system, the BSS system has to collect a sufficient number of samples to
re-estimate the separation parameters as the previous estimated parameters
are no longer useful. This implies a BSS system with long adaptation period
is undesirable.
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2.3.2 Joint Diagonalization

Wu and Principe [194] proposed a joint diagonalization method, which be-
longs to Category 1, for performing blind source separation by assuming that
original sources are uncorrelated and stationary over time. For instance,
all the sources are active and not moving during the estimation period.
Then, the demixing matrix can be estimated by simultaneously minimizing
the cross-correlation between the separated signals that are obtained in two
time-segments during the estimation period. This method is then improved
by [139] through minimizing multiple cross-correlations simultaneously in the
time-frequency (TF) domain. Note that the joint diagonalization method is
second-order statistics based. Therefore, it is less sensitive to noise and out-
liers [181], and hence fewer samples are required for analysis compared to
ICA, which is higher-order statistics based.

We assume that the original source sp,k has zero mean. The second-order
statistics of the estimated sources among Nq blocks in frequency bin k can
be represented by

Ryy,k(p) =
1

Nq

p∑
q=p−Nq+1

yq,ky
H
q,k

= WH
k Rxx,k(p)Wk, (2.11)

where R(·) is the covariance matrix. If all the estimated sources are uncor-
related, the off-diagonal entries in Ryy,k(p) should vanish.

The optimum W∗
k can be estimated by simultaneous minimizing the off-

diagonal entries in Ryy,k(p) for some p:

W∗
k = argmin

Wk

∑
p

∥Ryy,k(p)−Λy(p)∥2F , (2.12)

where Λy(p) is the diagonal matrix of Ryy,k(p) and ∥·∥F is a Frobenius
norm. To avoid a trivial estimate with all zero elements in Wk, a unity norm
constraint is often added, e.g.,

∥∥wl
k

∥∥ = 1, l ∈ {1, · · · , L}.
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Similar to ICA approaches, the joint diagonalization method is also a
probabilistic approach. A sufficient number of samples is still needed to en-
sure the separation performance. This affects the adaptation time of the BSS
system due to non-stationary scenarios as the previous estimated separation
parameters are no longer useful.

2.3.3 Generalized Eigenvalue Decomposition

In 2004, Parra and Sajda [138] first proposed the source separation can be
carried out by means of a generalized eigenvalue decomposition (GEVD)
of two covariance matrices. However, this method does not explain how
to choose practically these two covariance matrices. This was then carried
on by [149, 150] to extract intermittent sources by estimating null spaces of
the active sources. This method also belongs to the Category 1 as the null
spaces are equivalent to the demixing vectors. It utilizes both the statistical
properties and the activity periods of the original sources. We provide a brief
discussion on the GEVD method in this subsection.

Consider a linear time-invariant instantaneous mixing model at time-
block index p and in frequency bin index k with the same number of ob-
servations xp,k and original sources sp,k, such as M = L. We assume that
the original sources have zero mean. Then, the covariance matrix of all the
samples in the mixtures xp,k at frequency bin index k can be written as

Rxx,k = AkRss,kA
H
k ≈

L∑
l=1

σl
k

2
al
ka

l
k

H
, (2.13)

given that all the sources are uncorrelated to each other, where σl
k
2 is the

power spectral density of the lth source and al
k is the lth column of the mixing

matrix Ak, i.e., Ak =
[
a1
k · · · aL

k

]
.

To find the vectors al
k, we first assume the first L1 sources are silent at

time interval τ without losing generality (e.g., slp,k = 0, where 1 ≤ l ≤ L1

and p ∈ τ). Hence, the covariance matrix of the mixtures during the time
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interval τ can be written as

Rxx,k(τ) = AkRss,k(τ)A
H
k ≈

L∑
l=L1+1

σl
k(τ)

2al
ka

l
k

H
. (2.14)

Provided that Wk is the demixing matrix (WH
k Ak = AH

kWk = I), if we
multiply Eq. (2.14) with Wk, this yields

Rxx,k(τ)Wk = AkRss,k(τ)A
H
kWk = AkRss,kR

−1
ss,kRss,k(τ)

= AkW
H
k Rxx,kWkR

−1
ss,kRss,k(τ) = Rxx,kWkΛk(τ), (2.15)

where Λk(τ) = R−1
ss,kRss,k(τ), which is a diagonal matrix due to the indepen-

dence of the sources. Note that Rxx,k(τ) and Rxx,k(τ) represent the overall
covariance matrix and the covariance matrix during time interval τ , respec-
tively, at frequency bin index k.

Eq. (2.15) constitutes a generalized eigenvalue equation. The eigen-
values, which are the diagonal entries of Λk(τ), represent the ratio of the
individual source statistics measured by the diagonals of Rss,k and Rss,k(τ)

at time interval τ . Since the first L1 sources are silent at time interval τ ,
the first L1 diagonal entries in Λk(τ) will be zero. The corresponding eigen-
vectors, which are the first L1 columns of Wk, define a demixing subspace
ε0,k that is orthogonal to the subspace that is spanned by the mixing vectors
of the other original sources, e.g., {aL1+1

k , · · · , aL
k }. Therefore, if a general-

ized eigenvalue decomposition of the pair (Rxx,k(τ),Rxx,k) is performed, this
yields two distinct eigenvalues. They are either zeros, where the associated
generalized eigenvectors lie in the demixing subspace ε0,k, or nonzero, where
the the associated generalized eigenvectors span a mixing subspace ε1,k that
is orthogonal to the demixing subspace ε0,k in the M -dimensional space [151].

By performing a GEVD on (Rxx,k(τ),Rxx,k), we are able to detect if the
sources

{
s1p,k, · · · , s

L1
p,k

}
vanish. We can also estimate the demixing subspace

ε0,k, which is the null space of the mixing subspace ε1,k that is spanned
by the mixing vectors of the other active sources

{
sL1+1
p,k , · · · , sLp,k

}
, e.g.,

{aL1+1
k , · · · , aL

k }. When
{
s1p,k, · · · , s

L1
p,k

}
are active, where p /∈ τ , they can
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be extracted by projecting the observations xp,k onto ε0,k. Note that the ex-
tracted sources will still be a combination mixture of the intermittent sources{
s1p,k, · · · , s

L1
p,k

}
. To separate all the sources, we have to assume that every

source is inactive during a certain time interval within the estimation period.
More details of the GEVD method can be found in [149, 150].

The GEVD method [149, 150] requires every source or different combi-
nation of sources to be inactive during certain time intervals to compute
the separation parameters. This requirement can be hard to be fulfilled in
some circumstances, for instance, in a noisy cafeteria. Furthermore, select-
ing an appropriate duration to acquire sufficient signal samples can also be
a difficult task.

2.3.4 Blind Channel Identification

Instead of finding the demixing filter, blind channel identification (BCI) aims
to identify the channel impulse responses (CIR) of the system without any
prior knowledge of the input signals by using only observation signals. Hence,
it belongs to the approaches in Category 2. The BCI strategy relies only on
the assumption that the channels are time-invariant during analysis periods.
This method does not suffer from the amplitude and scaling ambiguities.
The original sources can be recovered by directly inverting the estimated
CIR using the multiple input/output inverse theorem (MINT) [119].

The innovative idea of self-recovering (blind) adaptive equalization was
first proposed by Sato [153], then further developed by Godard [50], Tre-
ichler and Agee [182], Benveniste and Goursat [18] as well as Shalvi and
Weinstein [161]. These works are based on optimization criteria involving
high-order statistics (cumulants) of the observation. This leads to slow con-
vergence and many local optima attractors [179]. In 1994, Tong et al. pro-
posed that the communication channel can be blindly identified based on
second-order statistics [179]. These works are designed particularly for the
telecommunication signals but not for acoustic signals [43, 63].
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Figure 2.1: The block diagram of a SIMO system [62].

Lin, Gaubitch and Naylor [98] proposed a method to perform blind chan-
nel identification (BCI) of single-input-multiple-output (SIMO) systems with
a common zero. The multiple-input-multiple-output (MIMO) version of the
blind channel identification was done in [65]. The logic is to divide the MIMO
system into multiple SIMO systems. The SIMO model solution can then be
used to solve the MIMO problem. According to [64], a multi-channel system
can be blindly identified mainly because of the channel diversity. For exam-
ple, if all channels are identical, the system reduces to a single-channel case
and the individual channels are, therefore, unidentifiable. In this section, we
assume this assumption holds when discussing the BCI problem formulation
of a SIMO system and the principle of the method.

The block diagram of a SIMO system is illustrated in Fig. 2.1. In the
time domain, the ith observation xi(n) is the result of a linear convolution
between the source signal s(n) and the corresponding CIR hi, corrupted by
an additive noise bi(n):

xi(n) = hi(n) ∗ s(n) + bi(n), i = 1, 2, · · · ,M, (2.16)
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where M is the number of channels.
When the input signal is unknown, the autocorrelation between the sensor

outputs can be exploited to estimate the CIRs. This is because

xi(n)∗hj(n) = s(n)∗hi(n)∗hj(n) = xj(n)∗hi(n), i, j = 1, 2, · · · ,M, i ̸= j,

(2.17)
if noise is absent. Rewriting (2.17) in vector form,

xT
i (n)hj = xT

j (n)hi, i, j = 1, 2, · · · ,M, i ̸= j, (2.18)

where
xi(n) =

[
xi(n) xi(n− 1) · · · xi(n−Nh + 1)

]
,T (2.19)

hi =
[
hi(0) hi(1) · · · hi(Nh − 1)

]T
, (2.20)

and Nh is the length of the CIR. An error signal will be produced when
we take the difference between the left-hand side and the right-hand side of
(2.18). The error signal based on the ith and jth observations at time n can
be written as

eij(n) =

{
xT
i (n)hj − xT

j (n)hi, i ̸= j i, j = 1, 2, · · · ,M,

0, i = j i, j = 1, 2, · · · ,M.
(2.21)

We have (M−1)M/2 distinct error signals eij(n), which excludes the case
eii(n) = 0 and count the eij(n) = −eji(n) pair only once. Assuming that
these error signals are equally important, summing them together defines a
cost function as

J(n) =
M−1∑
i=1

M∑
j=i+1

e2ij(n)

∥h∥2
, (2.22)

where h =
[
hT
1 · · ·hT

M

]T
is a concatenated representative of the M channel

impulse responses and set ∥h∥ = 1 as a constraint to avoid a trivial estimate
with all zero elements in h. Therefore, the desired solution for h can be
determined by minimizing the cost function J(n) which is defined in (2.22),
such as

h∗ = argmin
h

E {J(n)} , (2.23)
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where E {·} denotes an expectation operator.
The basic principle tells us how to estimate the channel impulse responses

in a SIMO system. The BCI approach is commonly used in telecommuni-
cation area. However, we are interested in acoustic channels in a reverber-
ant environment. In practice, these channels are more correlated than the
telecommunication channels due to reverberation, thus making them difficult
to identify [64]. Moreover, the computational cost is extremely high for a
SIMO system, and more so for a MIMO system.

2.3.5 Sparsity in the Time-Frequency Domain

The mixture of speech signals is often “sparse” in the time-frequency (TF)
domain. In this context, “sparse” means most of the time-frequency bins in
the spectrum will contain only one active talker. By successfully detecting
the only one active source, we can then identify the corresponding mixing
vector. Hence, this approach usually makes no assumption on the statistical
distribution of the original sources, unlike the ICA approaches. The approach
belongs to Category 2 as it aims to find the mixing parameters by utilizing
the activity period of the original sources.

In 2004, Yilmaz and Rickard [198] proposed a degenerate unmixing es-
timation technique (DUET) algorithm to solve the BSS problem by using
time-frequency maskings based on the sparsity of the mixture. A mask is
applied in the TF domain to capture the TF points, where only one source is
active while the other TF points are discarded. Attenuation factor and delay
parameter of the active source can then be estimated by using the masked
TF points. A two-dimensional histogram is plotted by using the attenuation
factor and delay parameter. The number of peaks in the histogram repre-
sents the number of sources. The mixing parameters can then be estimated
by using the peak locations. By knowing the mixing parameters and source
number, the original sources can be recovered.

In 2005, Abrard and Deville [2] proposed another sparsity-based BSS
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approach, which is called the time-frequency ratio of mixtures (TIFROM)
algorithm. The essence of this approach is that if the same source is active
during a time interval τ , the relative transfer functions are the same within
those TF blocks, i.e.,

xp,k

x1p,k
=

xq,k

x1q,k
, ∀p, q ∈ τ, (2.24)

where xp,k and xmp,k represent the observation vector and the observation
signal in the mth microphone, respectively, in TF block index (p, k). The
advantage of this approach is that it requires every source to be active in-
dividually within a few adjacent TF blocks, then they may simultaneously
active in the remainder TF blocks during the analysis period.

The DUET and TIFROM approaches require the mixture to be sparse in
the time-frequency domain, which is generally valid for speech signals in non-
reverberant environments. This is not a statistically based approach, hence
sample-collecting time can be reduced by selecting appropriate time intervals.
However, in a reverberant scenario the performance deteriorates [21].

2.3.6 Clustering

An alternative approach to estimating the mixing matrix from the “sparse”
observations is a clustering approach, which is done in [11]. This method
is more relaxed to the sparsity assumption compared to DUET [198] and
TIFROM [1]. It does not require other signals to vanish while the active
signal is on. The clustering approach is one of the strategies in Category 2,
which requires time-invariant channels and depends slightly on the activity
periods of the original sources.

Fig. 2.2 illustrates a scatter plot of an instantaneous mixture of two
sparse sources. The red and green lines represent the mixing vectors of source
1 and source 2, respectively. Denote A as a set of all possible mixing vectors
and each possible mixing vector is computed by using an angle parameter
θ ∈ {0, π}:

â(θ) =
[
cos(θ) sin(θ)

]T
. (2.25)
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Figure 2.2: A scatter plot of an instantaneous mixture of two sparse sources,
where the red and green lines represent the mixing vectors of the first source
and the second source, respectively. The x-axis (x1) and y-axis (x2) denote
the amplitudes of the first observation and the second observation, respec-
tively.

The angle difference between each observation point and every â(θ) ∈ A is
computed. Then, a probability P (θ), which is proportional to the number of
observation points that have small angle difference with â(θ), can be com-
puted. By repeating this with all possible θ, we will obtain two optimum
angles with the two highest probabilities. Hence, the estimated mixing vec-
tors that are computed by using these two optimum angles can best describe
the real mixing vectors. Fig. 2.3 illustrates a histogram of P (θ) based on the
data in Fig. 2.2.

The clustering approach is very intuitive in a two-dimensional space. The
mixing vectors can be obtained by clustering the observations based on the
angle parameter in polar coordinates. This does not require any knowledge
about the arrangement of the sensor array. However, as the number of sensors
increases, the dimension of the space that the data lies in becomes higher. In
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Figure 2.3: A histogram of probability, for which the observation has the
same direction as â(θ) based on the data in Fig. 2.2.

N -dimensional space, the Cartesian coordinates xi can be computed as [22]:

x1 = r cos(θ1),

xi = r cos(θi)
i−1∏
j

sin(θj),

xN = r
N−1∏
j

sin(θj), (2.26)

where r is the magnitude. In this context, r is not important as the obser-
vation points are clustered according to their directions. Hence, the possible
mixing vectors in N -dimensional space can be computed as:

â =
[
cos(θ1) cos(θ2) sin(θ1) · · · cos(θN−1)

∏N−2
j=1 sin(θj)

∏N−1
j=1 sin(θj)

]T
(2.27)

As the number of angle parameters that are used to compute â becomes
larger, the computational cost increases significantly. Therefore, the cluster-
ing approach does not suit our purpose as we are interested in overdetermined
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scenarios, which have more sensors than sources. In that case, the observation
data lies in a high-dimensional space, which leads to a high computational
effort.

2.3.7 Nonnegative Matrix Factorization

The nonnegative matrix factorization (NMF) method was proposed by Lee
and Seung [90], which is based on the works on positive matrix factoriza-
tion [135, 136]. The goal of NMF is to decompose a matrix into two non-
negative matrices. It has been used for many applications such as image
processing [59, 95], document clustering [160, 195], biomedical data classifi-
cation [26, 82] and spectral data analysis [75, 141]. In recent years, NMF
has been applied to the single-channel BSS problem [134,165,191]. In audio
applications, the spectrogram of signals is used as the nonnegative matrix.
Thus, to address multichannel data, it can be done by either concatenating
the spectrogram of each channel into a large matrix [140] or considering a
nonnegative tensor factorization (NTF), which is also known as a nonnega-
tive parallel factor analysis (PARAFAC), where the spectrograms of multiple
channels are modelled by a 3-valence tensor [47,156]. The NMF method does
not fit in the approaches that are either in Category 1 or Category 2, as it
directly estimates the original sources neither by determining the mixing
channels nor by determining the separation parameters. The NMF method
does not suffer from the permutation ambiguity as the analysis is performed
using the spectrogram of signals [134, 164].

The main idea of the NMF method in BSS applications is to represent
the spectrogram of source signals V ∈ RK×P by a summation of latent com-
ponents, which can be seen as a decomposition of one nonnegative matrix
into two nonnegative matrices:

V = WH. (2.28)

The first matrix W ∈ RK×T describes a dictionary of atoms or hidden fea-
tures of the sources while the second matrix H ∈ RT×P describes a set of
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activation coefficients across signal blocks. The parameters in the nonneg-
ative matrices W and H can then be updated in an iterative manner by
using a multiplicative update rule with a divergence as a cost function, e.g.,
Euclidean distance, [140], Kullback-Leibler divergence [47] or Itakura-Saito
divergence [45]. Once it converges, the source images can be obtained using
the estimated nonnegative matrices W and H. The proper audio signals are
then reconstructed using the source images by Wiener filtering.

The NMF approach can be particularly useful in separating music sig-
nals [55, 196] as the atoms in the first matrix can be seen as representing
music notes [178]. For speech applications, the convergence rate can be rela-
tively slow and the method can be trapped in local minima [116]. Choosing
an appropriate number of latent components K is not obvious. Furthermore,
most of the NMF methods for speech applications [17,166] that achieve sat-
isfactory performance are supervised or semi-supervised, where pretraining
is required, which can be less useful in practical real-world applications.

2.4 Permutation and Scaling Ambiguity
In this section, we first discuss the permutation and scaling ambiguity in BSS
approaches that operate in the time-frequency (TF) domain. Next, we study
the existing approaches for coping with these issues.

To increase the computational efficiency, the convolutive BSS problem is
often transformed into the time-frequency domain. Hence, operations with
large Toeplitz matrix and computations of the long filter coefficients can be
avoided. However, the drawbacks are permutation and scaling ambiguities
across the spectrum. That means the order and the scaling factor of the
separated sources are unknown in every frequency bin k [125]:

yp,k = WH
k xp,k = PkΛksp,k, (2.29)

where Pk is a permutation matrix and Λk is a diagonal matrix. The diagonal
entries of the latter matrix represent the scaling factors of the corresponding
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sources. If the scaling issue is not resolved, the recovered sources are filtered
versions of the original sources but their temporal envelopes are similar to
the original ones. Hence, they are still yet intelligible. We can utilize the
scaling ambiguity to shorten the impulse response and reduce the computa-
tional complexity of the algorithm, where the details are discussed in Chapter
6. Therefore, we concentrate on the permutation problem rather than the
scaling issue. We study existing approaches to address the permutation issue.

Various approaches for solving the permutation ambiguity exist. Based
on the literature, we classify these approaches into three main categories.
The strategies of these categories are (i) based on the recovered signals in
the time-frequency domain [9,80,124], (ii) based on the direction of the arrival
(DOA) of the signals [73,89,118,157] and (iii) based on the mixing matrices
in each frequency bin [12, 15, 143, 155, 168].

The first category assumes that if the recovered band-passed signals orig-
inate from the same source signal, then they are under the influence of a
similar modulation in amplitude [124]. Hence, they solve the permutation
based on the correlation between the temporal envelopes of band-passed sig-
nals. This strategy employs knowledge of the recovered band-passed signals,
which means the demixing matrix Wk is required. Moreover, the correlation
between temporal envelopes is weak when frequencies are apart [80].

The second category employs knowledge of the array structure of the
microphones to model the mixing matrix Ak in each frequency bin with an
angle parameter θk [73, 89]. Based on the estimated demixing matrix Wk,
the method approximates θk by computing the inner product between each
demixing vector and each mixing vector that is generated using θk in every
frequency bin k. If the inner products produce null or small values, that
means the receiving signals are generated from those directions. However,
not every frequency bin produces an ideal null at the exact direction [157].
Moreover, in reality most signal energy comes from other directions in a
reverberant environment.

The third category exploits the continuity of the frequency response of
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the mixing filter [143]. The study by Baumann et al. [15] assumes that the
transfer functions that are results from concatenating all mixing matrices Ak

will be smooth across the spectrum, as in the case of a beamforming prepro-
cessor. That means the difference of the mixing filter coefficients between
adjacent frequency bins should be small. This implies that the Hermitian an-
gle [148] of the mixing vectors between neighbour frequency bins is small [12].
Therefore, the minimum distance or the Hermitian angle between the adja-
cent filter coefficients is used to determine the permutation. However, this
approach is sensitive to any misaligned frequency bins [143].

To conclude, solutions for determining the permutation in each frequency
bin can be classified into three main categories. The first category uses the
recovered sources, the second category employs knowledge of the sensor array
and the demixing matrices while the third category exploits the mixing ma-
trices to resolve the permutation ambiguity. The best solution depends on
the type of BSS approach that is used. For instance, the first and second cat-
egories are more suitable for the BSS approaches in Category 1, which intent
to find the demixing matrices. The third category suits the BSS methods in
Category 2, which aim to estimate the mixing matrices.

2.5 Existing Beamforming Techniques

Another family of approaches to solving the cocktail party problem is beam-
forming [3]. These methods utilize spatial information of the observations
to design a receiving filter based on the direction of arrival (DOA) of the
desired source such that the maximum energy of the desired source is ob-
tained. In contrast with BSS algorithms, beamforming approaches do not
suffer from a permutation ambiguity as the directions of the sources are pre-
sumably known. Moreover, the array structure of microphones is also known
in beamforming approaches while BSS algorithms do not rely on the locations
of microphones.

Beamforming techniques have been applied in many other applications,
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for instance, sonar [86], seismology [60], biomedical [104] and especially wire-
less communications [30, 100]. For acoustic applications, the performance of
beamforming techniques may degrade due to reverberation, which consists of
reflections from hard surfaces [46]. It was shown in [176] the BSS algorithms
performed slightly better than beamforming techniques when the number of
desired sources increased.

We show that the combination of the BSS algorithm and the beamform-
ing techniques can be useful when new sources are added into the system
in Chapter 5. In this section, we briefly discuss the basic principles of the
beamformers that are commonly used, such as Capon’s beamformer, lin-
early constrained minimum variance (LCMV) beamformer and the general-
ized sidelobe canceller (GSC) beamformer.

2.5.1 Capon’s Method and LCMV beamformer

Capon’s method [27] is well-known in the context of beamforming where it
leads to the minimum variance distortionless response (MVDR) beamformer.
The MVDR beamformer extracts the desired source by suppressing all the
signals that are coming from the direction of the interference and noise.

Using a point source model, the observation signals at TF block index
(p, k) can be expressed as [192]:

xp,k = ak(θ)sp,k + ip,k + np,k, (2.30)

where ip,k and np,k represent the interference and noise, respectively, and
ak(θ) denotes the steering vector of the desired source, where θ is the direction
of arrival of the desired source. The DOA can be determined by using the
multiple signal classification (MUSIC) technique [158] or the steered-response
power phase transform (SRP-PHAT) algorithm [40, 41]. By knowing the
geometry of the sensor array and the DOA θ, the steering vector ak(θ) can
be computed.

The estimated of the desired source at TF block index (p, k) can be
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extracted by

yp,k = wH
k xp,k = wH

k ak(θ)sp,k +wH
k ip,k +wH

k np,k, (2.31)

where wk is the weight vector of the beamformer. Then, the signal-to-
interference-plus-noise (SINR) ratio can be calculated as:

SINRk =
σ2
k|wH

k ak(θ)|2

wH
k Ri+n,kwk

, (2.32)

where σ2
k is the power spectral density of the desired source at frequency

bin index k and Ri+n is the covariance matrix of the interference and noise,
which can be expressed as:

Ri+n,k =
1

Np

Np−1∑
p=0

(ip,k + np,k)
H (ip,k + np,k) , (2.33)

where Np denotes the length of the signals in the TF domain.
Instead of maximizing the SINR value, the MVDR beamformer finds the

optimal weight vector wk by minimizing the denominator of (2.32) subject
to wH

k ak(θ) = 1. The optimization problem can be written as:

minimize
w,k

wH
k Ri+n,kwk, (2.34)

subject to wH
k ak(θ) = 1. (2.35)

The constraint (2.35) is to prevent a trivial estimate with all zero values in
wk. By using the Lagrange multiplier method, the optimal weight vector wk

can be obtained as:
wk =

R−1
i+n,kak(θ)

ak(θ)HR
−1
i+n,kak(θ)

. (2.36)

Alternatively, we can extend the MVDR beamformer by adding more
linear constraints while minimizing (2.34). For instance, we want to make
the weight vector wk orthogonal to the steering vectors of interfering signals.
The minimization problem can then be reformulated as:

minimize
w,k

wH
k Ri+n,kwk, (2.37)

subject to Ckwk = fk, (2.38)
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where the constraint (2.38) is defined by a set of linear equations that is
specified by Ck and fk. This is known as the linearly constrained minimum
variance (LCMV) beamformer [49]. The optimum weight vector wk can be
found by using the Lagrange multiplier method as:

wk = R−1
i+n,kCk

(
CH

kR
−1
i+n,kCk

)−1
fk. (2.39)

The conventional MVDR and LCMV beamformers are sensitive to per-
turbations. If the desired source moves slightly, the performance can be
affected. Moreover, the covariance matrix of the interference and noise is
usually unavailable in practice, and the sample covariance matrix of the ob-
servations Rxx,k is used in (2.34) and (2.37) instead. This also affects the
performance of the beamformers unless the covariance matrix of the obser-
vations Rxx,k is obtained with very high accuracy [192].

2.5.2 Generalized Sidelobe Canceller

The generalized sidelobe canceller (GSC) was first proposed in [53]. It is an
alternative formulation of the LCMV beamformer [49], where the constraints
are inherited implicitly in the cost function.

A block diagram of the GSC beamformer is illustrated in Fig. 2.4. The
fixed beamformer strengthens the signals that are arriving from the direction
of the desired source and the output is denoted as ŷ. The blocking matrix,
which defines of a subspace that is orthonormal to the fixed beamformer,
filters out the desired source. Thus, the output after the blocking matrix
contains only the interference and noise. Then, the adaptive noise canceller
is designed to eliminate the interference and noise in ŷ. So, the final output
y will contain only the desired source.

Define p and k the block index and the frequency bin index, respectively,
in the time-frequency (TF) domain. Let denote by wq,k ∈ CM×1 the weight
of the fixed beamformer, Bk ∈ CM×N the blocking matrix, where M > N ,
and wa,k ∈ CN×1 the weight of the adaptive noise canceller. The output of
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Figure 2.4: A block diagram of the GSC beamformer [57].

the GSC beamformer in the TF block index (p, k) can be expressed as:

yp,k = (wq,k −Bkwa,k)
H xp,k. (2.40)

The weight of the fixed beamformer wq,k and the blocking matrix Bk can be
computed using the constraints that are defined in the LCMV beamformer
[93], e.g., Ck and fk in (2.37).

The optimum weight for the noise canceller can be found by solving the
following unconstrained optimization problem [53]:

minimize
wa,k

∑
p

|yp,k|2 . (2.41)

The optimization will not suppress the strength of the desired source for any
value of wa,k as the component of the desired source in BH

k xp,k is suppressed
by the blocking matrix Bk. Substituting (2.40) into (2.41) yields:

minimize
wa,k

(wq,k −Bkwa,k)
H Rxx,k (wq,k −Bkwa,k) . (2.42)

By taking the derivative and setting the result to zero, the closed-form solu-
tion of (2.42) can be expressed as

wa,k =
(
BH

kRxx,kBk

)−1
BH

kRxx,kwq,k. (2.43)



38 CHAPTER 2. BACKGROUND AND LITERATURE REVIEW

The conventional GSC approach is sensitive to the DOA of the desired
source. When a mismatch occurs, the desired source will be treated as inter-
ference and the optimum weight of the noise canceller tends to suppress this
component as well as the interference and noise. Hence, the performance can
be significantly degraded. We will later discuss the robustness improvement
of the beamforming techniques in Section 2.5.3.

2.5.3 Robustness Improvement

Conventional beamforming techniques rely heavily on the estimation of the
DOA to obtain an appropriate steering vector of the desired source. In
practice, the measurement of DOA can be inaccurate due to noise or non-
stationary environments. For instance, the sources may slightly change their
positions. This may degrade the performance of the beamformer [94].

Many methods have been developed to improve the robustness of beam-
forming. The robust adaptive beamforming is the most common one [94].
An overview of this approach can be found in [192]. In this subsection, we
briefly discuss two approaches to improve the robustness of the system. The
first method is an approach to approximate the covariance matrix while the
second method is diagonal loading.

The covariance matrix is a core tool for many signal processing methods,
especially for beamforming. In real-world scenarios, the covariance matrix
obtained from the raw observation data can be inaccurate due to noise, out-
liers and an insufficient number of samples [66, 109]. Consider mixtures of
L zero-mean and uncorrelated signals s, e.g., xn = Asn, where n denotes
the sample index and A is a mixing matrix. The covariance matrix of the
mixtures without environmental noise can be expressed as:

Rxx =
∑
n

xnx
T
n =

∑
n

Asns
T
nA

T = AΛsA
T + E, (2.44)

where Λs is a diagonal matrix, whose diagonal entries consist of the variance
of every signal, e.g., σ2

s1 , · · · , σ2
sL , and E denotes an error matrix, which is
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caused by the covariance of the signals, e.g., σsisj , i, j ∈ [1, L] , i ̸= j. The
error matrix E vanishes if we have a sufficient number of samples, otherwise
it can be relatively large due to outliers. Hence, the estimation accuracy of
the covariance matrix becomes important for the case of a small number of
samples.

Tyler’s covariance estimator [183] is a well-known approach to approxi-
mate the covariance matrix due to its simplicity. It guarantees to converge
[199] and it is also robust to outliers, thus the effect of the error matrix E in
(2.44) can be minimized. Tyler proved that given M -dimensional indepen-
dent and identically distributed (i.i.d.) samples, e.g., xi, where i = 1, · · · , N ,
which is drawn from an elliptical distribution, a good covariance estimator
is defined as the solution to the fixed point equation

Q =
M

N

i=1∑
N

xix
T
i

xT
i Q

−1xi

, (2.45)

where M is the dimensional number of the samples while N is the total
number of samples. Tyler’s covariance estimator is also a minimax robust
estimator. In addition, it is distribution-free in the sense that its asymp-
totic variance does not depend on the parametric form of the underlying
distribution [171].

Regularization is a technique to make the solution of an optimization
problem more robust to perturbations. It adds a scalar penalty to the norm
of the estimated parameters to prevent obtaining a solution with large entries
[25]. Among the regularization techniques, the Tikhonov regularization is the
most common. A Tikhonov regularized optimization problem can be written
as:

minimize
y

∥Ay − b∥2 + λ∥y∥2, (2.46)

where λ is a regularized parameter and A ∈ CM×L as well as b ∈ CM×1 are
given. Taking the derivatives and setting to zero, we obtain

y =
(
AHA+ λI

)−1
AHb. (2.47)
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The regularized parameter can also be added while designing the weight
vector in beamformer applications. For instance, the optimization problem
of a regularized MVDR beamformer can be written as:

minimize
w,k

wH
k Ri+n,kwk + λ∥wk∥2, (2.48)

subject to wH
k ak(θ) = 1. (2.49)

The solution of (2.48) subject to (2.49) is:

wk =
(Ri+n,k + λI)−1 ak(θ)

ak(θ)H (Ri+n,k + λI)−1 ak(θ)
. (2.50)

Instead of inverting the covariance matrix, we invert the combination of the
covariance and a scaled identity matrix. This is called as a diagonal loading
technique, which can also be seen as a form of Tikhonov regularization [137].
It improves the robustness of the system and also avoids ill-posed inverse
problems as the covariance matrix will always be full rank after diagonal
loading.

2.6 Discussion

Most existing BSS approaches, except the NMF method, can be categorized
into two categories, where Category 1 intends to estimate the mixing channels
while Category 2 aims to find the demixing parameters. All approaches
have their own advantages and disadvantages for different scenarios. For
instance, the ICA and joint diagonalization approach perform BSS based on
the statistical properties of the original sources, hence a sufficient number of
samples is required. However, they do not rely on activity behaviours of the
sources. The sparsity-based methods, such as DUET and TIFROM, perform
BSS by analyzing activity periods of the original sources, thus number of
samples can be reduced by selecting appropriate time intervals for analysis.
The BCI and NMF methods have an advantage over other approaches that
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they do not suffer from the permutation issue. Most BSS methods require
time-invariant channel, e.g., stationary sources.

Beamforming techniques can also be used to address the cocktail party
problem in far-field scenarios or in environments that have less reverberation.
However, they require knowledge about locations of the microphones and the
sources for designing steering vectors. The performance can be significantly
affected due to any misalignment and reverberation.

Methods in most literatures have a common problem by using a set of in-
stantaneous mixing model in the TF domain to approximate the convolutive
mixing model in the time domain. This assumption is sufficiently correct
when the window length is at least twice the length of the mixing channel
and the window length decides the algorithmic latency of a real-time system.
Hence, directly implementing the existing BSS approaches in a real-time sys-
tem is not applicable, additional processing techniques are required.

In a non-stationary scenario, the adaptation speed of the system becomes
crucial. The BSS system should adapt as soon as possible with the environ-
mental changes, which can be due to time-varying channels, moving sources,
dynamic source number and noise. Repeating BSS processes affects the ef-
ficiency of the system. Hence, “meta-information” that is obtained from
previous operations can be preserved to facilitate the future separation. For
instance, when a new source is introduced into the system, we do not need
to re-perform the estimation from scratch. By using the “meta-information”,
only the estimation of the demixing vector or the mixing vector for the new
source is required.

The latency issue is important while designing a BSS system that is able
to operate in a real-world scenario. In the following chapters, we propose
several strategies to reduce the system latency, which can be caused by the
algorithmic latency and the estimation delay.
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Chapter 3

Subspace Method for Blind
Source Separation With
Convolutive Transfer Function
Model

In this chapter we propose a method that is able to directly estimate demixing
parameters of a blind source separation (BSS) system in the low-frequency-
resolution time-frequency (LFRTF) domain. The time-frequency (TF) obser-
vation signals fall in a LFRTF domain when the length of the window, that is
used to perform the short-time Fourier transform, is shorter than the length
of the mixing filters. In the LFRTF domain, the mixing process is still con-
volutive but the length of the mixing filters is short. Our proposed method
facilitates the deconvolution of a convolutive mixture to a new instantaneous
mixture, so traditional instantaneous TF-domain BSS algorithms can still
be adopted. The proposed method has two advantages. First, the demixing
parameters are shareable between TF frames. For instance, the estimated
demixing parameters of the current frame can be applied to the next incom-
ing frame. Second, it quickens the estimation process as it facilitates the
estimation of the demixing parameters with a shorter time-segment observa-

43
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tion samples compared to the traditional BSS algorithms. The experimental
results confirm the effectiveness of the proposed approach.

3.1 Introduction

The system latency or delay is a crucial factor that makes most of exist-
ing TF-domain BSS algorithms inapplicable in real-time systems. The TF-
domain model is commonly adopted to approximate convolutive time-domain
mixing model with a series of multiplicative mixing model in the frequency
domain. However, the TF-domain model is sufficiently accurate only when
the window length is at least twice the length of the impulse response. This
leads to a long time lag between inputs and outputs of a system as the window
length decides the algorithmic latency.

As an alternative to TF-domain BSS, we utilize the subspace-based meth-
ods to facilitate the deconvolution of a convolutive mixture to a new instanta-
neous mixture. These methods are well established in the telecommunication
area [52,101,102,108,167,184–186]. However, these approaches are not suit-
able for audio applications as the impulse responses in these applications are
more complex compared to the telecommunication channels due to reverber-
ations. The acoustic impulse response can be relatively long and this makes
the computational cost of the algorithm high, and hence it is impracticable.
Moreover, the estimated parameters of the systems proposed in [167, 186]
cannot be shared between different time intervals even in a time-invariant
scenario without further processing, see Sec. 3.3.

To reduce the algorithmic latency caused by the TF-domain BSS ap-
proaches, the window length must be reduced. If the window length is
shorter than the impulse response, it results in a low-frequency-resolution
time-frequency (LFRTF) domain. In the LFRTF domain, the mixing model
of the BSS problem is still convolutive but the length is significantly shorter
than the time-domain mixing filters [96, 174]. Thus, the problem becomes
tractable as the size of the matrices is now smaller compared to the original
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problem formulation in the time domain. This facilitates matrix operations,
such as singular-value-decomposition and matrix inversion under a certain
constraint of computational resources. The aforementioned subspace-based
method can then be implemented in every frequency bin in the LFRTF do-
main.

In this chapter, we propose a subspace approach that enables us to solve
the TF-domain BSS problem directly in the LFRTF domain. Our method
differs from [167,186] in that the estimated parameters can directly be used
to separate the mixtures of the next incoming block of samples, provided that
the environment is time-invariant or changing gradually. The computational
complexity is also lower. Compared to the traditional TF-domain BSS ap-
proaches, our method is able to perform the estimation with a shorter length
of signal samples, thus the separation parameters can be updated quicker.

This chapter first starts with an introduction to TF-domain BSS models
that operate in the LFRTF domain. Second, we briefly review the most
recent literature approaches. Next, we provide the proposed method that
performs the estimation process in the LFRTF domain. Then, we present
the experimental results of our proposed method and comparisons with the
other literature approaches.

3.2 Blind Source Separation Model

This section outlines a method for the model of blind source separation (BSS)
in the time-frequency (TF) domain that uses a convolutive transfer function
(CTF) approximation. The model allows the length of the short-time (ST)
window to be shorter than the length of the mixing filters. It is particularly
useful for real-time systems, which require a short algorithmic latency. In
the derivation, we consider a noise-free scenario.

We denote by M the number of observations and by L the number of
original sources. Consider a linear time-invariant (LTI) system with finite
mixing filters that are longer than the short-time (ST) window. Thus, the
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mixing model is still convolutive but the memory length is shorter than the
time-domain mixing filters. Then the mixtures in the TF domain can be
approximated as [14, 33, 174]:

xp,k ≈
T−1∑
p′=0

Ap′,ksp−p′,k, (3.1)

where p and k are the time frame index and the frequency bin index, re-
spectively, where xp,k ∈ CM×1 is a vector observation signal at TF instant
(p, k). Ap′,k ∈ CM×L indicates the mixing filters at TF instant (p′, k) while
T represents the length of the filters in the TF domain. A vector of the orig-
inal sources at TF instant (ṗ, k) is represented by sṗ,k ∈ CL×1. It is worth
noting that the model in (3.1) is a simplified model of (2.9) by considering
only the band-to-band mixing filters and neglecting the contributions of the
cross-band filters.

Alternatively, (3.1) can be written in a matrix form:

xp,k = Akŝp,k, (3.2)

where

Ak =
[
A0,k · · · AT−1,k,

]
∈ CM×LT ,

ŝp,k =
[
sTp−T+1,k · · · sTp,k

]T
∈ CLT×1.

The goal of BSS is to find a demixing matrix W̃k ∈ CM×L for every frequency
bin k, so that the original sources can be recovered by:

yp,k = W̃H
k xp,k, (3.3)

where yp,k indicates the estimated original sources and [·]H denotes a Hermi-
tian transpose.

3.3 Conventional Subspace Methods
In this section, we briefly review the most recent subspace methodology
[167, 186] that facilitates the deconvolution of a convolutive mixture to a
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new instantaneous mixture. This allows us to estimate the original sources
in the low-latency domain using the traditional instantaneous TF-domain
BSS approaches, for instance, the independent component analysis (ICA)
approach.

For N time-frequency samples (3.2) can be rewritten in a matrix form:

Xk = ŜkA
H
k , (3.4)

where Xk =
[
xT−1,k xT,k · · · xT+N−2,k

]H
∈ CN×M and

Ŝk =


sHT−1,k sHT−2,k · · · sH0,k
sHT,k sHT−1,k · · · sH1,k

... . . . . . . ...
sHT+N−2,k sHT+N−3,k · · · sHN−1,k

 ∈ CN×LT . (3.5)

If the system is overdetermined, i.e., Ak has more rows than columns
(M ≥ LT , which means more microphones than LT ), and Ak has full row
rank, then the space spanned by the columns of Xk is also spanned by the
columns of Ŝk. Ŝk in (3.4) can also be written as [186]:

Ŝk = UkGk, (3.6)

where Uk ∈ CN×LT , the columns of which consist of the first LT dominant
column spaces of Xk that can be obtained by performing a singular value
decomposition on Xk, and Gk is a coefficient matrix ∈ CLT×LT , which acts
as another mixing matrix between Ŝk and Uk.

The essence of the subspace methods is to omit the redundant terms, e.g.,
terms in the columns of the original sources Ŝk in the LFRTF domain. Hence,
each original source appears only once in the columns of the source matrix in
the new model. Then, conventional independent component analysis (ICA)
approaches can be employed to solve the remaining problem. Now, we briefly
discuss the operations in the subspace methods.
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The original sources Ŝk in (3.5) has a block-Toeplitz structure and it can
be decomposed as [167]:

Ŝk =
N+T−1∑
n=0

En ⊗ sHn,k, (3.7)

where ⊗ denotes a Kronecker product and En ∈ RN×T represents a Toeplitz
basis matrix, where the entry in the ith row and in the jth column is defined
as

Enij
=

1, if i = j + n+ 1− T, i > 0, j > 0

0, otherwise,
(3.8)

where n ∈ [0, N + T − 1]. Combining (3.6) and (3.7) yields

UkGk =
N+T−1∑
n=0

En ⊗ sHn,k. (3.9)

If we partition Gk into blocks

Gk =
[
G0,k G1,k · · · GT−1,k

]
, (3.10)

where Gl,k ∈ CL×L and stack the blocks together, then (3.9) can be rewritten
as:

[
IT×T ⊗Uk −Etot

]


G0,k

...
GT−1,k

sH0,k
...

sHN+T−1,k


= 0, (3.11)

where Etot =
[
Vec(E0) Vec(E1) · · · Vec(EN+T−1)

]
∈ RNT×(N+T−1) and

Vec(·) represents a vectorize operation.
The original sources and the coefficient matrix Gk in (3.11) can be esti-

mated by solving the homogeneous equation. However, the solution obtained
will be a mixture of the original sources, see (3.27) in Sec. 3.4.2. To find the
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original sources, conventional ICA approaches can be used. The pseudocode
of the subspace method is provided in Algorithm 2. More details about the
approach can be found in [167, 186].

Algorithm 2 Literature approach [186]
Input: xp,k

Output: yp,k

1: Set T and N .
2: Compute Etot using (3.8).
3: for all k do
4: Xk ←

[
xT−1,k xT,k · · · xT+N−2,k

]H
.

5: Uk ← eigenspace of Xk that can be obtained by the first LT eigen-
vectors while performing the SVD on Xk.

6: Evaluate
[
IT×T ⊗Uk −Etotal

]
.

7: Solve the homogeneous equation (3.11) to estimate S∗
k, where S∗

k =[
s0,k · · · sN+T−1,k

]H
.

8: Perform ICA on S∗
k and denote the solution as SkICA.

9: Solve the scaling and permutation issues on SkICA and denote the
solution as Sk.

10: Obtain yp,k from the pth column in SH
k .

11: end for

The subspace approach [167] has a major disadvantage. That is, the
estimated Gk does not have a direct relationship with Xk, which will be
problematic to a real-time system. For instance, the solution that is com-
puted using the samples of the current block, will not be applicable to the
samples of the next block without further processing. Let XN1

k and XN2
k

represent the observations of the first N1 TF samples and the observations
between N1 +1 and N2, respectively, in the frequency bin index k. By using
XN1

k , we are able to compute UN1
k and GN1

k , where UN1
k represents the dom-

inant column spaces of XN1
k while GN1

k represents the coefficient matrix that
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is used to construct the original sources ŜN1
k :

ŜN1
k = UN1

k GN1
k . (3.12)

However, GN1
k is not applicable to XN2

k to estimate the original source at N2,
that is

ŜN2
k ̸= UN2

k GN1
k . (3.13)

We have to repeat the entire estimation process on XN2
k to estimate ŜN2

k ,
which is redundant. Although it is natural to estimate a demixing matrix
W̃k from XN1

k and ŜN1
k , such that

ŜN1
k = XN1

k W̃k, (3.14)

this requires a matrix inversion operation that can lead to problems, e.g., an
ill-posed problem. Furthermore, discrepancies can be present between the
true original sources and the estimated original sources ŜN1

k and this makes
the estimate of the demixing matrix W̃k inaccurate.

3.4 Proposed Subspace Method

In this section, we reformulate the problem in Section 3.3 and discuss our
proposed approach. The proposed approach allows us to directly estimate
the demixing operator, so that the demixing operator can be applied directly
on the upcoming observation samples. Thus, it is well suited to a real-time
system.

3.4.1 Problem Formulation

To estimate the original sources at different time instant, we are interested
in finding a demixing matrix Wk ∈ CM×LT , such that

AH
kWk = I. (3.15)
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By multiplying (3.4) with Wk, we obtain

XkWk = Ŝk, (3.16)

where Ŝk contains the original sources at different time instant. That is,
each original source is presented in multiple columns of Ŝk but with different
delays.

The essence of the proposed method is similar to the approaches [167,186]
that are discussed in Sec. 3.3. By using equations from (3.7) to (3.11), we
are able to decompose Ŝk and obtain a matrix of original sources, where each
original source is represented by one column only. The difference is that
the demixing matrix can be directly estimated using our model. Thus, in a
time-invariant environment the estimated parameters are applicable for later
operations.

We partition Wk into blocks:

Wk =
[
W0,k W1,k · · · WT−1,k

]
, (3.17)

where Wl,k ∈ CM×L. By stacking the blocks together and utilizing the block-
Toeplitz structure of Ŝk, (3.16) can be written as:

X̂kŴk = EtotSk, (3.18)

where

X̂k =
[
IT×T ⊗Xk

]
∈ CNT×MT , (3.19)

Ŵk =
[
WH

0,k · · · WH
T−1,k

]H
∈ CMT×L, (3.20)

Sk =
[
s0,k · · · sN+T−1,k

]H
∈ C(N+T−1)×L. (3.21)

To get insights into the arrangement of the matrices from (3.16) to (3.18),
we provide an illustration of the operations in Fig. 3.1.
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Figure 3.1: An illustrative example of the operations from (3.16) to (3.18).

3.4.2 Principle of the Proposed Method

The goal is to reformulate the convolutive BSS problem into an instantaneous
problem in the LFRTF domain. As the original sources in the LFRTF domain
have a block-Toeplitz structure, by using a different arrangement of equations
a Toeplitz basis matrix can be employed to decompose convolutive mixtures
into instantaneous mixtures. In this subsection, we discuss the principle of
our proposed method.

Let Ŵ∗
k and S∗

k be the solutions of (3.18). This indicates that

S∗
k = E†

totX̂kŴ
∗
k, (3.22)

where † represents a Moore-Penrose pseudoinverse. We note that

1

T
ET

totEtot ≈ I, (3.23)

thus,
E†

tot ≈
1

T
ET

tot (3.24)
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Then, we substitute Ŵ∗
k together with (3.22) and (3.24) into (3.18) to elim-

inate Sk. This yields:

X̂kŴ
∗
k =

1

T
EtotE

T
totX̂kŴ

∗
k. (3.25)

We can rearrange (3.25) and form:(
X̂k −

1

T
EtotE

T
totX̂k

)
Ŵ∗

k = 0. (3.26)

This shows that the solutions of Ŵk lie in the null space of
(
X̂k − 1

T
EtotE

T
totX̂k

)
.

The null space can be found by performing either a singular value decompo-
sition (SVD) or a QR decomposition. After finding Ŵk, the original source
Sk can be recovered using (3.22).

It is relevant to note that the dimensionality of the null space is (M −
LT )T + L as the rank of X̂k is LT 2. Therefore, the dimensionality of Ŵ∗

k

is MT × (MT − LT 2 + L) instead of MT × L. Moreover, every Ŵ∗
kQ

†
k will

be a solution of (3.26), where Qk ∈ CL×(MT−LT 2+L) represents any matrix.
This can be easily proven by substituting Ŵ∗

kQ
†
k into (3.26):(

X̂k −
1

T
EtotE

T
totX̂k

)
Ŵ∗

kQ
†
k = 0Q†

k = 0. (3.27)

Hence, the estimated demixing matrix Ŵ∗
k is not the “true” demixing matrix

Ŵk, i.e., true original sources cannot be obtained by using Ŵ∗
k. However,

they are related by, such that

ŴkQk = Ŵ∗
k. (3.28)

Substitute (3.28) into (3.22), we obtain

S∗
k =

1

T
ET

totX̂ŴkQk = SkQk, (3.29)

which means that S∗
k is an instantaneous mixture of the original sources

Sk. Therefore, we can use any traditional instantaneous BSS algorithm,
such as the conventional independent component analysis (ICA) approach to
estimate Sk in (3.29).
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3.4.3 Summary of the Proposed Algorithm

The proposed approach allows us to estimate the demixing matrix directly
in the LFRTF domain. The idea is similar to [167, 186] but the principle
is different. It differs in that the estimated parameters can be applied to
the next incoming blocks of data samples provided that the environment is
time-invariant or changing gradually. This saves computational cost and it
is particularly useful for real-time applications.

The scaling and permutation ambiguities are also present in our pro-
posed approach as the operation is performed separately in each individual
frequency bin. The minimal distortion principle approach [110] can be used
to address the scaling ambiguity while the permutation issue can be solved
by using [9,80,157]. The algorithm of the proposed approach is summarized
in Algorithm 3.

Algorithm 3 Proposed subspace method
Input: xp,k

Output: yp,k,W̃k

1: Set T and N .
2: Compute Etot using (3.8).
3: Compute E†

tot by performing pseudoinverse on Etot or use 1
T
ET

tot instead.
4: for all k do
5: Xk ←

[
xT−1,k xT,k · · · xT+N−2,k

]H
.

6: X̂k ← IT×T ⊗Xk.
7: Ŵ∗

k ← null space of
(
X̂k − EtotE

†
totX̂k

)
by performing the SVD.

8: Compute Ŝ∗
k using (3.22).

9: Find Q†
k by performing ICA on Ŝ∗

k.
10: Ŵk ← Ŵ∗

kQ
†
k.

11: W̃k ←W0,k ▷ the first M × L submatrix of Ŵk.
12: Solve the scaling and permutation issues on W̃k.
13: yp,k ← W̃H

k xp,k.
14: end for
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3.5 Experimental Results
This subsection presents the experimental results of the simulated data. We
first discuss the experimental setup and procedure. Then, we compare the
separation performance of our proposed method with the other literature
approaches [32,33,167,172]. All the computations were conducted offline and
computed by using Matlab R2014b on a PC having an Intel(R) Core(TM)
i7-4790 CPU@3.60 GHz processor with 8GB random-access memory.

3.5.1 Experimental Setup and Procedure

As data we used the 10 seconds speech source signals of the Stereo Audio
Source Separation Evaluation Campaign (SASSEC). The sampling rate was
16 kHz. In the experiment, 20 microphones were used. The positions of
the sources were fixed while the microphones were randomly placed in a
rectangular room with a size of 6 m × 8 m × 3 m, at a fixed height of 1.5 m.
For each experiment, three random speech signals were selected as sources
and the positions of the microphones were randomly changed. An example of
the arrangements is illustrated in Fig. 3.2, where the red crosses indicate the
microphones while the blue dots represent the sources. We used the room
impulse response (RIR) simulator [54], based on the image source method [5],
to generate the 20 × 3 RIR with 4096 taps. Each set of experiment was
conducted three times with different reverberation times, which were 0.15 s,
0.3 s and 0.6 s. The reverberation time is denoted as beta in the simulator.
The simulated RIR were then used to convolve with the speech signals in the
time domain to obtain the observations in a noise-free environment.

A square root of Hann window with 2048 taps (128 ms) and 512 (32
ms) taps was used in the high-frequency-resolution time-frequency (HFRTF)
domain and the low-frequency-resolution time-frequency (LFRTF) domain,
respectively. The windows were 50% overlapped. For the time-domain
method [172], the length of the demixing filter was set to 512 taps (32 ms).
All the demixing parameters were estimated by the complex fast independent
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Figure 3.2: The positions of the microphones and the sources

component analysis (ICA) approach [20] using the first 120 time-frequency
(TF) frames of the observations. In each frequency bin, the permutation
ambiguity was resolved using oracle information, which is based on the cor-
relation coefficients between the amplitude envelope (absolute value) of the
estimated sources and the original sources across the 120 TF frames. Af-
ter correcting the permutation orders, we minimized the scaling effect using
the minimal distortion principle method [110]. Then, the estimated demix-
ing parameters were applied to the entire mixtures to obtain the separated
signals.

We examined six different strategies and compared the separation perfor-
mance. The algorithmic latency was 32 ms for all methods. The cross-band
[33], shortening [32] and time-domain [172] approaches utilize the HFRTF
domain to perform the estimation and compute the representation of the
demixing operators in the low-latency domain. The cross-band [33] and the
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shortening [32] methods performed the separation in the LFRTF domain
while the time-domain strategy [172] performed the separation in the time
domain. For [33] and [32], we considered only two cross-band filters during
the computation of the demixing operators as the contributions of others
were relatively weak. The subspace [167] and the proposed methods per-
formed both the estimation and the separation in the LFRTF domain based
on the description in Sec. 3.3 and Sec. 3.4, respectively. The stand-alone ICA
approach [20] also operated in the LFRTF domain. It directly estimated the
demixing parameters based on the instantaneous BSS model although the
mixing process was convolutive.

In the first set of the experiments, for each technique, the demixing pa-
rameters were estimated using a fixed number of the observation samples in
the TF domain, which was 120 TF samples. So, the segment length of the
observation was 7.68 s for the approaches that performed estimation in the
HFRTF domain (e.g., cross-band, shortening, time-domain) and 1.92 s for
the methods that performed estimation in the LFRTF domain (e.g., stand-
alone, subspace, proposed). In the second set of the experiments, we used an
equivalent segment length of the observations in time, which was 1.92 s only,
to estimate the demixing parameters. This implied that the approaches that
performed estimation in the HFRTF domain used only 30 TF samples while
the methods that performed estimation in the LFRTF domain used 120 TF
samples. Then, we evaluated and compared the separation performance. We
also included the separation performance while using the different segment
length of the observations.

The source separation performance was evaluated by using the signal-to-
interference ratio (SIR) and the signal-to-distortion ratio between the original
source and the separated signal. The SIR and SDR values were computed
using the BSS_EVAL toolbox [189]. Each set of experiments was performed
60 times by using different combination of original sources and different ar-
rangement of the microphones. The mean and standard deviation of the
values are presented in the results.
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3.5.2 Experimental Results

Fig. 3.3 and Fig. 3.4 illustrate the source separation performance (SIR and
SDR, respectively) by using various techniques in the first set of experi-
ments. Fig. 3.5 and Fig. 3.6 illustrate the source separation performance
(SIR and SDR, respectively) in the second set of experiments. The first set
of experiments computed the demixing parameters based on the first 120
TF observation samples while the second set of experiments estimated the
demixing parameters based on the first 1.92 s observation samples (i.e., 30
TF samples for the HFRTF-domain methods while 120 TF samples for the
LFRTF-domain methods). The blue, red and yellow circles indicate the mean
SIR values of the first, second and third sources, respectively. The error bars
represent the standard deviation based on the 60 trials.

The results show that the performance of the proposed method surpasses
all the other methods in terms of the SIR metric and it achieves satisfactory
performance. For the SDR metric, the performance of the proposed method
is lower than the shortening method. This can be due to crossband filtering.
In the problem formulation of the proposed method (3.1), we consider only
band-to-band filters, hence the contributions of the neighbour frequency bins
are neglected. Thus, distortion can be introduced. However, the performance
of the proposed method is consistent over different room reverberation times.

We compare the computational complexity of the various BSS strategies.
Table. 3.1 presents the average SIR performance of the three sources and the
average computational time of each BSS method in the first set of experi-
ments with different room reverberation time. The computational time of
the stand-alone ICA approach is the lowest but the performance is the worst.
The time-domain technique has low computational complexity as well but
the separation performance is not as good as our proposed method and the
shortening strategy. Our proposed method is third in terms of computational
complexity and achieves the highest SIR performance.

We also include a comparison between the separation performance of
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(b) Reverberation time, β = 0.30 s
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(c) Reverberation time, β = 0.60 s

Figure 3.3: The separation performance (SIR) of various techniques, where
the demixing operators were computed using the first 120 TF observation
samples.

the competing BSS methods, which is indicated by SIR and SDR values in
Fig. 3.7 and Fig. 3.8, respectively, while using different observation length
to compute the demixing parameters, where the reverberation time was 0.15
s. Since the ST window length of the HFRTF-domain methods was four
times longer than the one of the LFRTF-domain approaches, the number
of TF samples in the HFRTF-domain was four times less than the one in
the LFRTF-domain for an equivalent segment length of the time-domain
observations. The results show that the proposed method outperformed the
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Figure 3.4: The separation performance (SDR) of various techniques, where
the demixing operators were computed using the first 120 TF observation
samples.

other approaches on average for each experiment.

3.5.3 Discussion

The proposed method outperformed the existing subspace approaches [167,
186] in every set of experiments. This is because the principle of the proposed
method is to find the demixing matrix. We include the demixing matrix in
the contrast function while performing estimation, as shown in (3.26).

In contrast, the approaches [167,186] aim to estimate the original sources
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Table 3.1: The average SIR performance and computational time of t he first
set of the experiments by using various techniques.

Methods (s) Reverb
time , β

Average SIR
(dB)

Average time
(s)

Stand-alone

0.15

2.53 1.79
Cross-band 9.42 42.09
Shortening 17.45 12.37
Time-domain 7.19 5.42
Sorensen 1.38 12.88
Proposed 18.68 11.17
Stand-alone

0.30

2.20 2.10
Cross-band 3.94 42.83
Shortening 11.25 13.10
Time-domain 6.32 5.53
Sorensen 1.80 12.87
Proposed 18.79 11.04
Stand-alone

0.60

2.11 2.23
Cross-band 3.16 42.96
Shortening 8.15 13.54
Time-domain 7.20 5.95
Sorensen 1.74 12.79
Proposed 17.02 11.00

that are observed during the analysis period. Thus, the demixing matrix
for entire signals has to be estimated explicitly. The estimation can be af-
fected by the noise signals, which are present in the observation signals in
the LFRTF domain. The noise signals can be due to the cross-band filtering
effect, see Fig. 4.3 in Sec. 4.3.3.

In addition, the proposed method allows BSS to operate with a shorter
of time-segment observation samples than other approaches. Since the esti-



62 CHAPTER 3. SUBSPACE METHOD FOR BSS WITH CTF MODEL

mation is performed in the LFRTF domain, a sufficient number of samples is
easier to obtain than is the case for approaches that perform the estimation
in the HFRTF domain.

We briefly discuss the computational complexity of the various BSS strate-
gies. In the discussion, we do not include the computational complexity of
the ICA method as it is used in every BSS strategy. We consider only the
additional processing steps. Let Nw and Nb denotes the length of the long
window and short window, respectively. Furthermore, let K = 2∆k + 1

and P = Nw/Nb. For the cross-band method, it requires an additional
MLNwK(Nb/2+1) matrix multiplications and L(Nb/2+1) evaluations of the
singular value decomposition (SVD) to obtain the demixing matrix, where
the computational cost of each SVD operation is M(L − 1)2K2P 2. For the
shortening method, it requires an additional MLNbK(Nb/2+1) matrix mul-
tiplications and L(Nb/2 + 1) evaluations of the singular value decomposi-
tion (SVD) to obtain the demixing matrix, where the computational cost is
M(L− 1)2K2.

Recall that N indicates the number of samples that are used in the es-
timation procedure and T indicates the length of the mixing filters in the
TF domain. The additional processing step for the subspace method is to
perform a SVD on a matrix with a size of NT by LT 2+N+T −1, where the
computational cost is NT (LT 2 +N + T − 1)

2. The proposed method also
requires an additional SVD evaluation, but the matrix size is NT by MT ,
where the computational cost is NM2T 3.

For the time-domain method, the computational complexity of the extra
processing steps is much lower than than that of the others and can be
ignored. However, the demixing process is performed in the time-domain,
which involve ML times of convolutions. The computational complexity of
each convolution is approximately Nx logNx, where Nx denotes the total
number of samples of the observation signal in the time domain. For all the
other methods, the demixing process is performed in the TF domain. The
total number of TF blocks is 2Nx/Nb−1, as the window was 50% overlap. For
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Table 3.2: Summary of the computational cost for each BSS method.

Method Computational cost of overall procedure
Standalone 4Nx logNb +MLNx

Cross-band Nb

2
(MLNwK +ML3K2P 2) + 4Nx logNb +MLNx

Shortening Nb

2
(MLNbK +ML3K2) + 4Nx logNb +MLNx

Time-domain MLNx logNx

Subspace NT (LT 2 +N + T − 1)
2
+ 4Nx logNb +MLNx

Proposed NM2T 3 + 4Nx logNb +MLNx

each block, a forward fast-Fourier transform operation is required to convert
the observation data from the time domain into the frequency domain. Next,
the transformed data is multiplied by the demixing matrix. Then, a backward
FFT operation is used to transform the frequency-domain processed data into
the time domain. The computational complexity of all these operations is
approximately 4Nx logNb +MLNx.

The computational cost of each BSS strategy is summarized in Table. 3.2.
The stand-alone method has the lowest computational cost while the time-
domain approach has the second lowest computational cost as they do not
require extra processing step to obtain the demixing matrix. By substituting
the parameters of the experimental setup, the computational cost for the
shortening, subspace and proposed methods is about 107 while the order of
the computational cost of the cross-band method is about 108. Hence, the
theoretical results are consistent with the actual computational time, which
is presented in 3.1.

3.6 Conclusion

In this chapter, we proposed a method that allows to facilitate the deconvolu-
tion of a convolutive mixture to a new instantaneous mixture. The proposed
method is able to directly estimate the demixing parameters from the new
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instantaneous mixture in the LFRTF domain. In a time-invariant system,
the estimated demixing parameters are shareable between TF blocks. That
is, the estimated demixing parameters can be applied instantly to the next
incoming TF observation sample to obtain the separated signals. Moreover,
shorter segments of the time-domain observation signals are only required for
the estimation process. By using a two-threaded system, the user will expe-
rience less waiting time compared to the HFRTF-domain approaches before
the separated signals are outputted.

The drawback of the proposed method is that the separation performance
can be affected by choosing a wrong parameter to indicate the length of the
mixing filters in the LFRTF domain. Future work may consider a minimiza-
tion approach with constraints that specify the length of the mixing filters.
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(a) Reverberation time, β = 0.15 s
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(b) Reverberation time, β = 0.30 s
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(c) Reverberation time, β = 0.60 s

Figure 3.5: The separation performance (SIR) of various techniques, where
the demixing operators were computed using the first 1.92 s observation
samples.
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(a) Reverberation time, β = 0.15 s
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(b) Reverberation time, β = 0.30 s
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(c) Reverberation time, β = 0.60 s

Figure 3.6: The separation performance of various techniques, where the
demixing operators were computed using the first 1.92 s observation samples.
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(a) Observation length = 1.28 s
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(b) Observation length = 2.56 s
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(c) Observation length = 3.84 s
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(d) Observation length = 5.12 s
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(e) Observation length = 6.40 s
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(f) Observation length = 7.68 s

Figure 3.7: The separation performance (SIR) of various techniques, where
the demixing operators were computed using the observations with different
length and the room reverberation time was 0.15 s.
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(e) Observation length = 6.40 s
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(f) Observation length = 7.68 s

Figure 3.8: The separation performance (SDR) of various techniques, where
the demixing operators were computed using the observations with different
length and the room reverberation time was 0.15 s.



Chapter 4

Low-Latency Approach for
Convolutive Blind Source
Separation

We present a low latency approach for blind source separation (BSS). BSS
algorithms generally require a long window to estimate the demixing param-
eters. In traditional approaches, the long analysis window leads to a long
algorithmic delay. Hence, traditional BSS approaches cannot be used in
real-time systems. In contrast, our approach reduces the algorithmic delay
independently of the window length used for estimation, while retaining sep-
aration performance. The new method exploits that the information about
the sources provided by additional microphones can be traded against algo-
rithmic delay. The method can be integrated with existing BSS algorithms
and can be implemented in the time-domain or in the time-frequency domain.
Our experimental results confirm the effectiveness of our approach.

69
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4.1 Introduction

As mentioned in Sec. 2.6, the algorithmic latency of a real-time system is
mostly due to the length of the window that is used to perform the short-
time Fourier transform (STFT). Most of the existing time-frequency (TF)-
domain blind source separation (BSS) methods rely on a long window length
to obtain good separation performance, which is not applicable in real-time
implementations.

To address the problem caused by the algorithmic delay, we proposed an
approach [33], based on a cross-band filtering technique [14], that enables
the estimation step to be performed in a high-frequency-resolution time-
frequency (HFRTF) domain while the separation step is performed in a low-
frequency-resolution time-frequency (LFRTF) domain. On the one hand,
this method allows us to use a long window for the estimation, so that the
instantaneous TF-domain BSS model is valid. On the other hand, we can
perform the separation by using a short window to reduce the algorithm
latency. We further enhanced the method by improving the computational
efficiency using a non-iterative impulse response shortening strategy [32],
where the details of the method are discussed in Chapter 6. It enables us
to shorten the estimated mixing filters and facilitate the computation of the
demixing operators in the LFRTF domain.

To reduce the system latency to the desired delay, the methods [32, 33]
require a sufficient number of microphones to perform the estimation. The
relation between the LFRTF-domain blocks and the full HFRTF-domain rep-
resentation is described by a system of equations. To obtain a short delay
some of these equations must be removed. To make the problem solvable,
the number of equations must be larger or equal to the number of variables.
The additional equations can be obtained by increasing the number of micro-
phones as each microphone contributes unique constraints on the separated
signals.

A time-domain implementation was also developed in [172] recently. In
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the time domain, the algorithmic latency is caused by the so-called non-causal
part of the filters, where the non-causal part refers to the components before
the main peak of the filters. This method assumes that the mixing filters are
usually sparse in a non-reverberant environment, so the contribution from
the non-causal part of the demixing filters is relatively weak. Thus, they
truncate the non-causal part and perform the separation by convolving the
observations with the truncated demixing filters in the time domain.

As noted, the time-domain implementation [172] relies on the mixing
filters to be sparse, which is less useful in a moderate or severe reverberant
environment. In contrast, our method [32] first shortens the mixing filters in
the time domain. This is done by selecting the scaling factors in the frequency
domain to obtain the smoothest spectrum possible. Our method [32] exploits
that the spectrum of a signal in the frequency domain becomes smoother
when we zero-pad a signal in the time domain. After shortening the mixing
filters, we truncate them in a way that the maximal information is retained.
For example, we keep the important parts of the mixing filters, such as the
main pulse and its adjacent responses, and discharge the parts that are far
from the main pulse as their contributions are less significant. Then, we
design the demixing operators based on the truncated mixing filters.

The main contribution of this chapter is to exploit that each microphone
adds to the number of equations specifying a sequence of source signal vec-
tors. As a result, blocks of shorter duration can be used for the source signal
vector. Seen from another perspective, the added microphones allow us to
omit non-causal filter components. Hence, the associated algorithmic delay
can be eliminated. We find that the latency can be reduced to any desired
delay by increasing the number of microphones. Our experiments show that
excellent performance can be obtained with a small increase in microphones.
While the approach builds on the principles of [33] the algorithms are differ-
ent and performance is improved significantly. The number of microphones
over the number required is drastically reduced.

This chapter first introduces a model based on frame theory, [188], to
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accurately describe the signal representations in the TF domain. Next, we
propose our approach to find low-latency demixing operators based on the
BSS parameters that are estimated conventionally in the HFRTF domain.
We present two implementations of the method: the first implementation
operates in the time domain and the second implementation operates in a
LFRTF domain. Then, we present the experimental results of the proposed
method and comparisons with the other literature approaches.

4.2 Time-Frequency Transform

In this section, we first introduce an operator-based model to describe the
short-time Fourier transform (STFT) based on frame theory. This facilitates
the further derivation and analysis as linear operators can be represented by
matrices.

4.2.1 Analysis and Synthesis Operator of the STFT

We consider all signals to be periodic with a length of Nx samples. Let us
denote the length of the window by Nw, where Nw = 2p, p ∈ Z+ and the
block shift by Nl, where Nl = Nw/2

q, q ∈ Z. Thus, Nw is always divisible by
Nl. The synthesis and analysis operator for the STFT can be represented as
Φ : CQNw → RNx and Φ̃ : RNx → CQNw , respectively, where Q represents the
number of blocks in the TF domain and is an integer, i.e., Q = Nx

Nl
+ Nw

Nl
− 1.

Note that the length of the signals can always be zero-padded so that Nx is
an integer multiple of Nl.

To describe the structure of the synthesis operator we first define DNw ∈
RNw×Nw as a diagonal matrix, where the diagonal entries consist of a window
function. For instance, DNw = diag {d(0), · · · , d(Nw − 1)}, where diag {·}
denotes a diagonal operator. We define furthermore DnNl,Nw as a sub-matrix
of DNw from column one to column nNl and DnNl,Nw

as a sub-matrix of DNw

from column Nw − nNl + 1 to the last column. We can now describe the
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structure of the synthesis operator Φ ∈ CNx×QNw

Φ =
[
φ−Nw

Nl
+1 · · · φQ+1−2Nw

Nl

φ−Nw
Nl

+1 · · · φ−1

]
(4.1)

φp =
[
0Nw×pNl

FNwDNw 0Nw×(Nx−Nw−pNl)

]∗
, (4.2)

φ−p =
[
FNwD(Nw

Nl
−p)Nl,Nw

0Nw,Nx−Nw FNwDpNl,Nw

]∗
, (4.3)

where ·∗ indicates the adjoint operator and FNw denotes an Nw×Nw discrete
Fourier transform matrix. φp in (4.2) denotes the STFT synthesis operator
at the pth block in the TF domain. φ−p in (4.3) accounts for the periodic
structure of the data. We can use zero-padding to reduce artifacts resulting
from the periodicity assumption. The synthesis operator is equivalent to a
weighted overlap-add technique.

It is desirable that the columns of Φ form a tight frame, so that the
canonical dual frame is equivalent to the Hermitian transpose of itself [188],
e.g., Φ̃ = Φ∗. This implies that the same window function must be used for
both the synthesis and analysis windows. To form a tight frame, the window
function d(n) must satisfy the condition [14]:

∞∑
p=−∞

d(n− pNl)
2 =

c

Nw

, ∀n, (4.4)

where c is an arbitrary constant. For instance, a square root of Hann window
[159] can be used for this purpose.

The advantage of using a tight frame is that perfect reconstruction is
straightforward. For a tight frame we have

ΦΦ∗ = cINx , (4.5)

where INx indicates an Nx ×Nx identity matrix and c is the frame bound of
Φ, which can be computed using (4.4). Note that the operators Φ and Φ∗

preserve distances except for the constant factor c.
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4.2.2 Time-Domain Signal Model

For a discrete linear time-invariant (LTI) system, a noiseless observation
signal in the time-domain can be modelled as:

x̄ = h ∗ s ∈ R(Nx+Nh−1)×1, (4.6)

where ∗ denotes a convolution operator, h ∈ RNh×1 indicates a mixing filter
or a room impulse response, which is modelled by a finite impulse response
(FIR) filter with a length of Nh, s ∈ RNx×1 indicates an original source.
Consider that s is a periodic signal with a period of Nx, then (4.6) can be
approximated as:

x = h⊛ s ∈ RNx×1, (4.7)

where ⊛ denotes a circular convolution operator. As we have assumed that s
is periodic, (4.7) is a truncated version of (4.6) and they are equivalent, i.e.,
xi = x̄i, where i ∈ [0, Nx − 1]. This expression can also be written as:

x = Hs, (4.8)

where H ∈ RNx×Nx represents a circulant matrix of h̄ =
[
hT 01×(Nx−Nh)

]T
∈

RNx×1.
Let us assume that the window function is properly scaled, so that the

columns of Φ form a 1-tight frame, e.g., c = 1 in (4.5). Thus, the signal can
then be perfectly recovered after the transform.

4.2.3 TF-Domain Signal Representations

The representation of (4.8) in the TF domain can be written as:

Φ∗x = Φ∗Hs. (4.9)

Note that in this formulation the observation signal Φ∗x in the TF domain
is a vector CQNw×1. For instance, (Φ∗x)pNw+k =

(
φ∗

px
)
k

indicates the ob-
servation signal at TF block index p and frequency bin index k. Note that
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φp describes the time-frequency transform of the signal at the pth block, i.e.,
the signal samples between index pNl and pNl +Nw − 1, which is defined in
(4.2).

Using the property of the perfect reconstruction in (4.5), we can rewrite
(4.9) as

Φ∗x = (Φ∗HΦ)Φ∗s, (4.10)

where Φ∗s represents the original signal in the TF domain while (Φ∗HΦ)

indicates the representation of H in the TF domain. Using this model, the
signal can be described accurately in the TF domain. Moreover, it is appli-
cable to any window length.

The matrix (Φ∗HΦ) has a block-Toeplitz structure as H is a circulant
matrix. We can partition Φ∗x in (4.10) into blocks. Note that the subscript
of the STFT operator φ identifies a sub-matrix, as shown in (4.2) and (4.3).
We can write (4.10) as:

φ∗
px = (φp

∗HΦ)Φ∗s, (4.11)

where p indicates the block index in the TF domain,
(
φ∗

pHφp′

)
k,k′

indicates
the impulse response between x at TF block index p and frequency bin index
k and s at TF block index p′ and frequency bin index k′.

The TF-domain signal model in (4.11) describes the time-domain con-
volutive model (4.7) accurately and independently of the block length used.
For our purposes it is useful to represent the signal in the low-frequency-
resolution time-frequency (LFRTF) domain, where the window length is less
than the room impulse response, i.e, Nw < Nh.

4.2.4 Instantaneous Approximation

The system identification problem in the time domain is often transformed
into the frequency domain. This is because the convolution mixture can be
approximated by a series of instantaneous mixtures in the frequency domain
when the window length is much greater than the length of the room impulse



76 CHAPTER 4. LOW-LATENCY APPROACH FOR CBSS

response (RIR), i.e., Nw ≫ Nh, and this facilitates the computation and
estimation processes [146]. In this subsection, we show that this is a special
case of the model described in (4.11).

WhenNw ≫ Nh, this results in a high-frequency-resolution time-frequency
(HFRTF) domain. Let us denote by H̃ ∈ RNw×Nw and H̃c ∈ RNw×Nw the con-
volution matrix and the circulant matrix of h̃ =

[
h 01×(Nw−Nh)

]T
∈ RNw×1,

respectively. Note that H̃ is also a sub-matrix of H if Nx ≫ Nw, i.e.,

H̃ =


Hi,i · · · Hi,i+Nw−1

... . . . ...
Hi+Nw−1,i · · · Hi+Nw−1,i+Nw−1

 , (4.12)

where i ∈ [0, Nx −Nw]. If Nw ≫ Nh, then

∥H̃z∥2 ≈ ∥H̃cz∥2, (4.13)

where ∥·∥2 indicates the L2 norm operator and z ∈ RNw×1 is a vector of
signal. In addition, (4.13) becomes more accurate when Nw is getting larger.

As the rows of the discrete Fourier transform matrix F∗
Nw

form the eigen-
vectors of the circular convolution operator H̃c [188], we can decompose H̃c

into:
H̃c = F∗

Nw
ΛFNw , (4.14)

where Λ is a diagonal matrix, e.g.,

Λ = diag
{
FNw h̃

}
. (4.15)

By assuming Nw ≫ Nh, and using (4.13) and (4.14) and focusing only on
the parts of H that are fully affected by φ∗

p, we can approximate (4.11) as:

φ∗
px ≈ φ∗

p


...

· · · F∗
Nw

ΛFNw · · ·
...

ΦΦ∗s, (4.16)

=


...

· · · FNwDNwF∗
Nw

ΛFNw · · ·
...

 s, (4.17)
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To simplify the expression in (4.17), [13] assume that the window d(n) is long
and smooth relative to the RIR h, thus d(n) is approximately constant over
h, i.e., d(n−m)hm ≈ d(n)hm. Then, (4.17) can be approximated as:

φ∗
px ≈


...

· · · FNwF∗
Nw

ΛFNwDNw · · ·
...




...
· · · INw · · ·

...

 s, (4.18)

= Λφ∗
ps. (4.19)

The model described in (4.19) is the so-called the multiplicative trans-
fer function (MTF) approximation model. It has been widely used to solve
system identification problems. These include, but are not limited to, blind
source separation, beamforming, acoustic echo cancellation and speech dere-
verberation.

In contrast to the MTF model, the frame theory model (4.10) describes
the TF representations of the signals accurately regardless of the window
length. This is later being used to transform the mixing matrix from the high-
frequency-resolution time-frequency (HFRTF) domain into the low-frequency-
resolution time-frequency (LFRTF) domain. The details are discussed in Sec.
4.3.3.

4.3 Proposed Approach

The MTF approximation model (4.19) requires a long window to be suffi-
ciently accurate, and this means the delay requirements for real-time systems
cannot be met by straightforward BSS implementations. The delay require-
ments are high because the implementation is generally on a block-by-block
basis and the window length must be at least twice the length of the room
impulse response (RIR), i.e., Nw ≥ 2Nh for reasonable performance [145].

To minimize delay of BSS, a feedback architecture with infinite impulse
response (IIR) filters [91, 144, 180] may seem most natural. In this case, the
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separation can be performed with only one-tap delay. However, a stable IIR
filter exists only if the mixing system is minimum phase [91, 92, 142]. The
real RIR is usually non-minimum phase [91], and hence the implementation
BSS with IIR filters is impractical.

In this section, we first briefly discuss the blind source separation (BSS)
problem. Then we propose two low-latency approaches to solve the BSS
problem that are based on the same fundamental principle. The first ap-
proach operates in the time domain while the second method operates in the
low-frequency-resolution time-frequency (LFRTF) domain, where the win-
dow length is shorter than the RIR, i.e., Nw ≤ Nh. Both methods design
the demixing operators based on the RIR that is estimated in the HFRTF
domain. This is motivated by the fact that many state-of-the-art approaches
have been proposed to address the BSS problem in the HFRTF domain.
For instance, the well-known fast independent component analysis (ICA)
approach [69, 71] can be applied individually in every frequency bin in the
HFRTF domain to estimate the mixing matrix.

We now provide the essence of the algorithms. Consider a sequence of
known microphone vectors (dimensionality equal to the number of micro-
phones) and and a longer sequence of unknown source vectors (dimensionality
equal to the number of sources) that determine the sequence of microphone
vectors. The system identification performed by BSS provides us with a lin-
ear relationship between the source and microphone sequences. This relation
corresponds to a set of linear equations. For a causal system the number
of microphone vectors must be smaller than the number of source vectors.
The main contribution of this work is to exploit that the resulting system of
equations is fully specified if the number of microphones is sufficiently high.
We find that the algorithmic delay can be reduced to any desired rate by
increasing the number of microphones.
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4.3.1 Blind Source Separation Model

Let denote by xm the mth observation signal and by sl the lth original source.
Recall that in the HFRTF domain a LTI BSS problem with M microphones
and L original sources can be written as:

xp,k = Aksp,k, (4.20)

where

xp,k =
[(
φ∗
px

1
)
k
· · ·

(
φ∗
px

M
)
k

]T
, (4.21)

sp,k =
[(
φ∗
ps

1
)
k
· · ·

(
φ∗
ps

L
)
k

]T
, (4.22)

Ak =


Λ11

k,k · · · Λ1L
k,k

... . . . ...
ΛM1

k,k · · · ΛML
k,k

 , (4.23)

and Λml
k,k denotes the multiplicative transfer function (MTF) between the mth

observation and the lth original source in frequency bin index k.
To estimate the original sources, we want to find a demixing matrix Wk

in every frequency bin, such that

yp,k = WH
k xp,k, (4.24)

where yp,k denotes the estimated original sources at TF index p and frequency
bin k and ·H denotes a Hermitian transpose. The observation signals can then
be reconstructed as:

xp,k = Âkyp,k, (4.25)

Âk =


Λ̂11

k,k · · · Λ̂1L
k,k

... . . . ...
Λ̂M1

k,k · · · Λ̂ML
k,k

 , (4.26)

where Âk is the estimated mixing matrix, e.g., Âk = WH
k
†, and ·† denotes a

pseudo-inverse.
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Most state-of-the-art approaches solve the instantaneous BSS problems in
the HFRTF domain and achieve satisfactory separation performance. Most
of these approaches are based on one of the two main separation principles.
The first [20,28,36,69,71] computes the demixing matrix by the assumption
that the separated sources are uncorrelated or independent. The second
[1, 2, 76, 97, 148, 154, 198] estimates the mixing matrix in every frequency
bin by presuming only one source is active in a certain period. Then, the
demixing matrix is designed based on the estimated mixing matrix.

4.3.2 Time-domain Approach

In this subsection, we provide a time-domain approach to perform BSS in a
low-latency manner. The main idea is that first the estimation is performed
using previous inputs with existing BSS methods in the HFRTF domain.
Then, we focus on designing the demixing operator in the time domain to
perform the actual separation operation for the future inputs in a low-latency
manner based on the estimated HFRTF-domain model.

As noted, we assume that all the RIR Λ̂ml
k,k,m ∈ [1,M ] , l ∈ [1, L] , k ∈

[0, Nw − 1] in (4.26) have already been estimated in the HFRTF domain.
Then, the time-domain observation signal can be reconstructed as

xm = ΦΦ∗xm ≈
L∑
l=1

ΦΛ̈mlΦ∗yl, (4.27)

where Λ̈ml = Λ̂ml⊗IQ×Q, ⊗ defines a Kronecker product andQ = Nx

Nl
+Nw

Nl
−1.

Note that Nx, Nw, Nl indicate the length of the signal, the window length
and the block shift, respectively.

The matrix ΦΛ̈mlΦ∗ = Ĥml in (4.27) has a block-circulant structure with
a block size of Nl × (2Nw −Nl) as the RIR is stationary in a LTI system.
Note that if Nl = 1, then ΦΛ̈mlΦ∗ will be a circulant matrix. An example is
illustrated in Fig. 4.1 by using an exponential decay function with additive
white Gaussian noise to simulate the time-domain RIR with the following
parameters: Nx = 256, Nh = 32, Nw = 64 and Nl = 16. We can see that a
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Figure 4.1: A matrix representation of a synthetic room impulse response
ΦΛ̈mlΦ∗ in the time domain using the model in (4.27) with m = 1, l = 1,
Nx = 256, Nh = 32, Nw = 64 and Nl = 16. The y-axis and x-axis represent
the rows and the columns of the matrix ΦΛ̈mlΦ∗, respectively. The white
coloured parts indicate negative infinity values.

block of the observation contains the contributions from multiple blocks of
the original source.

Our goal is to solve (4.27) for a set of rows of the source signals yl that
corresponds to a local time interval, and do so simultaneously for all sources
and microphones. At first sight this seems impossible as the sequence of
source signal vectors is longer than the corresponding sequence of microphone
vectors. However, by using a sufficient number of microphones we obtain a
sufficient number of equations to specify the source signals.

In the following we first define a suitable set of linear equations that
specify the desired segments of yl. Let us denote by Nf the length of the
acquired signals (or the data acquisition-block length in a practical system)
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and by p the time-block index. For instance, at time-block index p, the
observation signals between pNf and np are captured, where np = (p+1)Nf

labels the endpoint of the signal acquisition corresponds to time-block index
p. Furthermore, let np = np − Nw be the the time index of the earliest
observed microphone data that are affected by the source signal at time-
block index p, Np = np − 2Nw +Nf be the time index of the earliest source
signal data that is included in the microphone data at time-block index np

and Np = np + Nw − Nf be the time index of the first not-yet observed
microphone data. Note that the signals from time index np to np − 1 are
associated with the causal parts of the filters while the signals from time
index np to Np − 1 are associated with the non-causal parts of the filters,
correspond to time-block index p. Fig. 4.2 illustrates the relationship between
np, np, Np and Np, where p = 7, Nf = 16 and Nw = 64.

The source signal yl associated with the causal parts can be specified by
the previous observation inputs, e.g.,

[
xmNp

· · · xmnp−1

]T
,m ∈ [1,M ]. To

handle the signals associated with the non-causal parts of the filters, instead
of acquiring the future observation inputs as is done in [14], we add more
microphones, so that there is a sufficient number of equations in the system.

The window length Nw is based on the response length and used in the
HFRTF domain analysis. However, the data acquisition-block length Nf

is associated with the low-delay separation operation only. Recall that M
indicates the number of microphones and L indicates the number of original
sources. We partition the observation signals into multiple blocks and rewrite
(4.27) on a block-by-block basis by stacking all the M observation signals in
a matrix form:

Xp = ApYp, (4.28)
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where

Xp =
[
x1
p
T · · · xM

p
T
]T
∈ RMNw×1, (4.29)

xm
p =

[
xmnp

· · · xmnp−1

]T
∈ RNw×1, (4.30)

Yp =
[
y1
p
T · · · yL

p
T
]T
∈ RL(3Nw−2Nf )×1, (4.31)

yl
p =

[
ylmod{Np,Nx} · · · ylmod{Np−1,Nx}

]T
∈ R(3Nw−2Nf )×1, (4.32)

Ap =


A11

p · · · A1L
p

... . . . ...
AM1

p · · · AML
p

 ∈ RMNw×L(3Nw−2Nf ), (4.33)

Aml
p =


Ĥml

np,mod{Np,Nw} · · · Ĥml
np,mod{Np,Nw}

... . . . ...
Ĥml

np−1,mod{Np,Nw} · · · Ĥml
np−1,mod{Np,Nw}

 ∈ RNw×(3Nw−2Nf ),

(4.34)

where p indicates the time-block index and mod {·} indicates a modulus
operator.

The idea of (4.28) is to formulate a standard BSS problem by combining
all the observation data on a block-by-block basis. In (4.30), xm

p denotes
the mth observation signal between time index np and np − 1. Xp in (4.29)
denotes an observation signal vector that concatenates all the M observation
signals that are defined in (4.30). In (4.32), yl

p denotes the lth separated signal
between time index Np and Np−1. Yp in (4.31) denotes a vector of separated
sources corresponding to the observations in Xp, which concatenates all the L
original sources. The matrix Ap in (4.33) represents an overall mixing matrix
that contains all the room impulse responses Aml

p between the observation
signals xm

p and the original sources yl
p, where m = 1, · · · ,M and l = 1, · · · , L.

An example of the room impulse response Aml
p is illustrated in Fig. 4.2.

In practice, the data acquisition-block length Nf is desired to be small,
so that the system can operate with minimal latency. Note that Ap does
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Figure 4.2: The relationship between np, np, Np and Np as shown in Fig. 4.1,
where p = 7, Nf = 16 and Nw = 64.

not vary with p due to the block-circulant structure. Hence, (4.28) can be
simplified to:

Xp = AYp, (4.35)

where A = An, n ∈ Z.
To perform source separation in a low-latency manner (i.e., with a short

data acquisition-block length), we want to find a demixing operator W such
that

Ỹp =WXp =WAYp, (4.36)

where Ỹp denotes the recovered sources. A straightforward solution for W
is the left pseudo-inverse of A, i.e.,

W =
(
ATA

)−1AT, (4.37)

which is also a least squares solution for (4.36).
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The mixing operator in (4.28) can be ill-conditioned, that is, A is close to
a singular matrix. In this case, a small error induced in the HFRTF domain
solution may lead to a large error to the estimated sources Ỹp in the low-
latency domain [85]. Therefore, instead of using the pseudo-inverse solution,
we provide an alternative method to compute the demixing operator W .

Extracting a source from the observations is equivalent to removing its
interference signals. Thus, to extract the lth estimated source, we want to
eliminate the contributions from the other sources. This can be done by
finding a demixing vector wl, such that,

(
wl

)TA\l = 0, where A\l is spanned
by all the columns associated with the other sources in A, i.e.,

A\l =


A11

p · · · A1(l−1)
p A1(l+1)

p · · · A1L
p

... . . . . . . . . . . . . ...
AM1

p · · · AM(l−1)
p AM(l+1)

p · · · AML
p


∈ RMNw×(L−1)(3Nw−2Nf ). (4.38)

To retain the maximum energy of the source of interest yl
p, we select the

feasible demixing vector wl that is nearest in direction to the direction of the
source of interest A, where

Al =
[
(A1l

p )
T · · · (AMl

p )T
]T
. (4.39)

Thus, the demixing vector wl can be found as

wl = arg max
wl

{
wlTAl AlTwl | wl ∈ N

(
A\lT

)}
, (4.40)

where N (Z) denotes the nullspace of Z. Note that the distortion of the
recovered signal using the demixing vectors in (4.40) can be larger than the
one in the HFRTF domain due to extra processing steps. The distortion
affects the audio quality but not the source separation.

We now provide the singular value decomposition (SVD) method to solve
(4.40) without considering the constraint. First, we rewrite the maximization
problem as

wl = arg max
wl

{
wlT Ul UlTAl AlT Ul UlT wl

}
, (4.41)
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where UlT maps towards the null-space of A\l. Ul can be computed by
performing SVD on A\l, where the columns of Ul consist of the eigenvectors
that associated with zero eigenvalues. Since UlTUl = I, then UlUlT defines
a projection. Hence the solution wl will be projected to the null space of
A\l. This shows that the constraint in (4.40) is automatically taken care in
(4.41).

To solve (4.41), we can perform a SVD on UlTAl AlT Ul. Then, we select
the eigenvector with the largest eigenvalue, which we denote as wl

U l . Finally
we find wl as

wl = U lwl
U l . (4.42)

The solution in (4.42) shows that wl lives in the null space of
(
A\l)T.

Hence, the row rank of A\l must be greater than its column rank, i.e.,
MNw > (L − 1)(3Nw − 2Nf ) (assuming all the rows are independent to
each other). Otherwise, Ul will not exist. In this case, we can choose Ul to
be the eigenvector of A\l A\lT that is associated with the smallest eigenvalue.

As with the time-domain method, the proposed LFRTF-domain method
allows us to trade between the number of microphones M and the system
latency for a given source separation performance. The system latency is
due to the non-causal parts of the filters and the length of the non-causal
parts is affected by the data acquisition-block length Nf . To compensate for
the reduction in the latency, which corresponds to a reduction in Nf , we can
increase the number of microphones M to compute the demixing operator
wl as long as the following condition is satisfied

Nf

Nw

>
3

2
− M

2(L− 1)
, (4.43)

where Nf

Nw
represents the factor of the delay in the HFRTF-domain method

and L is the number of the original sources. Ideally, Nf

Nw
= 1

2n
, where n ∈

Z. For example, to separate three original source signals we need only six
microphones, then the algorithmic delay can be reduced to any desired length.
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4.3.3 Low-Frequency-Resolution Time-Frequency
(LFRTF)-Domain Approach

In this subsection, we provide an alternate low-latency approach to perform
BSS in the low-frequency-resolution time-frequency (LFRTF) domain. To
decrease the system latency, the window length must be reduced. In prac-
tice, the window length must be shorter than the room impulse response
(RIR) and this results in a LFRTF domain. Hence, the multiplicative trans-
fer function (MTF) approximation in (4.19) is no longer valid in the LFRTF
domain. Similarly to the proposed time-domain approach, the LFRTF do-
main method first computes the HFRTF domain mixing matrix based on
the previous inputs. Next, we use (4.11) to compute the LFRTF-domain
representation of the HFRTF-domain mixing matrix. Then, we design the
LFRTF-domain demixing operator to perform the source separation for fu-
ture inputs. This method has the advantage that the separation process
can be performed in every frequency bin in the LFRTF domain. Instead of
computing the full-band time-domain demixing operator (in practice, this
requires large computational effort), we compute the narrow-band demixing
matrix in every frequency bin. Hence, the computational effort is distributed
among every frequency bin.

Let us denote by Nb the length of the LFRTF window (whereas Nw is the
HFRTF window) and by Na the shift length of the LFRTF. Furthermore,
let Qs = Nx

Na
+ Nb

Na
− 1, where Nx is an integer multiple of Na. We define

Ψ : CQsNb → RNx as a synthesis operator that transforms data from the
LFRTF domain into the time domain while Ψ∗ : RNx → CQsNb as an analysis
operator that transforms data from the time domain into the LFRTF domain.

We convert (4.27) into the LFRTF domain and apply the property of
perfect recovery in (4.5). This yields:

Ψ∗xm =
L∑
l=1

GmlΨ∗yl, (4.44)
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where

Gml = Ψ∗ĤmlΨ, (4.45)

Ĥml = ΦΛ̈mlΦ∗. (4.46)

Gml is a matrix representation of the time-domain operator Ĥml in the
LFRTF domain. Gml has a block-circulant structure, which is inherited
from Ĥml. An example of the TF representations of Fig. 4.1 is illustrated in
Fig. 4.3 with two extra parameters, which are Nb = 16 and Na = 8.

Figure 4.3: A matrix representation of a synthetic room impulse response
Ψ∗ĤmlΨ in the LFRTF domain using the model in (4.44) with m = 1, l = 1

,Nx = 256, Nh = 32, Nw = 64, Nl = 16, Nb = 16 and Na = 8. The y-
axis and x-axis represent the rows and the columns of the matrix Ψ∗ĤmlΨ,
respectively. The white coloured parts indicate negative infinity values.

The block-circulant structure of Gml facilitates the estimation of Ψ∗s as
we can assume that the mixing operators in the LFRTF domain are static in
in every TF block. So, the observation at TF-index (p, ·) can be expressed
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as:

ψ∗
px

m =
L∑
l=1

ψ∗
pĤ

mlΨΨ∗yl, (4.47)

It is worth noting that
(
ψ∗

pHψp′

)
k,k′

indicates the impulse response between
the lth original source at TF-index (p′, k′) and the mth observation signal at
TF-index (p, k). As illustrated in Fig. 4.3, the contribution of

(
ψ∗
pĤ

mlψ̃p′

)
k,k′

becomes smaller when |k − k′| gets bigger as it is referred as a band-to-band
filter when k = k′ but a cross-band filter when k ̸= k′ [14]. Hence, ψ∗

pĤ
mlΨ̃p

is a sparser matrix compared to ΦΛ̈mlΦ∗.
From Fig. 4.3, we know that the observation at TF block p and fre-

quency bin index k, (ψ∗xm)k, contains the contributions of the original
sources from neighbouring blocks in time (we distinguish causal and non-
causal coefficients) and neighboring frequency bins. We also find that the
number of blocks associated with the causal coefficients P equal in number
to the number of blocks associated with the non-causal coefficients P , i.e.,
P = P = P − 1, where P = Nw

Na
is the number of LFRTF window shifts per

HFRTF window and Nw is divisible by Na. Let us denote by ∆k the number
of neighbour frequency bins and K = 2∆k + 1. By iterating through all the
frequency bins and considering only ∆k significant neighbour frequency bins,
we can stack all the M observations in (4.47) and write:

Xp,k = ΓkYp,k, (4.48)

where

Xp,k =
[
X̃1

p,k

T · · · X̃M
p,k

T
]T
∈ CMPK×1, (4.49)

X̃m
p,k =

[
Xm

p−P ,k
T · · · Xm

p,k
T
]T
∈ CPK×1, (4.50)

Xm
p′,k =

[(
ψ∗
p′x

m
)
k−∆k

· · ·
(
ψ∗
p′x

m
)
k+∆k

]T
∈ CK×1, (4.51)

(4.52)
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Yp,k =
[
Ỹ1

p,k

T · · · ỸL
p,k

T
]T
∈ CL(3P−2)K×1, (4.53)

Ỹl
p,k =

[
Yl

p−2P ,k
T · · · Yl

p+P ,k

T
]T
∈ C(3P−2)K×1, (4.54)

Yl
p′,k =

[(
ψ∗
p′y

l
)
k−2∆k

· · ·
(
ψ∗
p′y

l
)
k+2∆k

]T
∈ CK×1, (4.55)

Γk =


G̃11

k · · · G̃1L
k

... . . . ...
G̃M1

k · · · G̃ML
k

 ∈ CMPK×L(3P−2)K , (4.56)

G̃ml
k =


G̃ml

p−P ,p−2P ,k · · · G̃ml
p−P ,p+P ,k

... . . . ...
G̃ml

p,p−2P ,k · · · G̃ml
p,p+P ,k

 ∈ CPK×(3P−2)K , (4.57)

G̃ml
q,q′,k =


Ĝml

q,q′,k−∆k,k−∆k · · · Ĝml
q,q′,k−∆k,k+∆k

... . . . ...
Ĝml

q,q′,k+∆k,k−∆k · · · Ĝml
q,q′,k+∆k,k+∆k

 ∈ CK×K , (4.58)

Ĝml
q,q′,k,k′ =

(
ψ∗
qĤ

mlψ̃q′

)
k,k′

. (4.59)

The formulation in (4.48) is equivalent to a standard BSS problem in the
TF domain by combining all the observation data. In (4.51), Xm

p′,k denotes
the mth observation signal between frequencies k −∆k and k +∆k at time
block p′ in the LFRTF domain while X̃m

p,k in (4.50) indicates a vector of Xm
p′,k

between time blocks p − P and p in the LFRTF domain. Xp,k in (4.49)
denotes an observation signal vector that concatenates all the M observation
signals that are defined in (4.50) and (4.51) in the LFRTF domain. In (4.55),
Yl

p′,k denotes the lth original source between frequencies k−∆k and k+∆k at
time block p′ in the LFRTF domain while Ỹl

p,k in (4.50) indicates a vector of
Yl

p′,k between time blocks p−P and p in the LFRTF domain. Yp,k in (4.49)
denotes a source signal vector that concatenates all the L original sources
that are defined in (4.54) and (4.55) in the LFRTF domain. In (4.56), Γk

represents an overall mixing matrix in the LFRTF domain that contains all
the transfer functions between the observation signals X̃m

p,k and the originals
sources Ỹl

p,k, where m = 1, · · · ,M and l = 1, · · · , L.
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Similar to the time-domain approach, the lth estimated original source(
ψ∗
pỹ

l
)
k

in the LFRTF domain can be extracted by finding a demixing vector
wl

k to cancel the contributions of the columns in Γk that are associated with
the other interference signals, i.e.,

Γ
\l
k =


G̃11

k · · · G̃
1(l−1)
k G̃

1(l+1)
k · · · G̃

1L)
k

... . . . ...
G̃M1

k · · · G̃
M(l−1)
k G̃

M(l+1)
k · · · G̃

ML)
k


∈ CMPK×(L−1)(3P−2)K . (4.60)

We also want the demixing vector wl
k to points in the direction of the vector

that spans the subspace of the source of interest Γl
k, so as to retain most of

the energy of the source of interest Yl
p,k, where

Γl
k =

[
G̃1l

k

T
· · · G̃Ml

k

T
]T
. (4.61)

By using the same approach as the time-domain approach, we define Ul
k

be the null space of Γ
\l
k

H
. Then, the demixing vector wl

k can be found by
maximizing the following cost function:

wl
k = arg max

wl
k

{
wl

k

H
Ul

k U
l
k

H
Γl

k Γ
l
k

H
Ul

k U
l
k

H
wl

k

}
, (4.62)

where Ul
k
H is a unitary matrix that maps to the null space of the sub-

space of the interference signals, N
(
Γ\lH

)
. Equation (4.62) is equivalent

to finding the eigenvector that is associated with the largest eigenvalue of
Ul

k
H
Γl

k Γ
l
k
H
Ul

k, which we denote by wl
U l
k
. The final solution wl

k is then

wl
k = U l

kw
l
U l
k
. (4.63)

Note that distortion can also be introduced due to extra processing steps.
The distortion only affects the audio quality but not the source separation.

The solution (4.63) shows that wl
k lives in the null space of Γ

\l
k

H
. The

null space Ul will only exist when MPK ≥ (L − 1)(3P − 2)K. Otherwise,
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we can choose Ul
k to be the eigenvector of Γ\l Γ\lH that associated with the

smallest eigenvalue.
By using the proposed LFRTF-domain method, we can trade the number

of the microphone M with the system latency to retain the separation per-
formance. The system latency can be reduced by keeping the length of the
window Nb as short as possible, but this increases P as P = Nw

Na
and Nb

Na
= 2t,

where t ∈ Z. Hence, the number of microphones has to be increased as
follows:

Nb

Nw

=
Nb

Na

1

P
, (4.64)

1

P
>

3

2
− M

2(L− 1)
, (4.65)

where Nb

Nw
represents the factor of delay. Ideally, the number of LFRTF

window shifts per HFRTF window is P = 2r, where r ∈ Z. For instance, to
separate three original source signals, the delay can be reduced to any desired
rate by using only six microphones. Note that the number of neighbour
frequency bins does not affect the number of microphones required in (4.65).

4.4 Results
In this section, we first discuss the experimental setup and procedure. Then
we provide the experimental results. Lastly, we provide a brief discussion on
the computational complexity of the proposed approaches.

4.4.1 Experimental Setup and Procedure

As data we used the 10 seconds speech source signals of the Stereo Audio
Source Separation Evaluation Campaign (SASSEC) [190]. The sampling rate
was 8 kHz. In the experiment, eight microphones were used. The positions
of the sources were fixed while the microphones were randomly placed in a
rectangular room with a size of 4 m × 3 m × 3 m, at a fixed height of 1.5 m.
For each experiment, three random speech signals were selected as sources.
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We used the room impulse response (RIR) simulator [54], based on the image
source method [5], to generate the 8 × 3 RIRs with 4096 taps. Each set of
experiment was conducted three times with different reverberation times,
which were 0.1 s, 0.2 s and 0.3 s. The simulated RIRs were then convolved
with the speech signals to obtain the observations.

In all experiments, a square root of Hann window was used. In the high-
frequency-resolution time-frequency (HFRTF) domain, the window length
was 512 taps (64 ms) and the windows were 75% overlapped, i.e., Nw = 512,
Nl = 128 in (4.1). The HFRTF-domain demixing matrix in every frequency
bin was estimated by the complex fast independent component analysis
(ICA) approach [20] using the first 120 time-frequency (TF) frames of the
observations. In each frequency bin, the permutation ambiguity was resolved
using oracle information, which is based on the correlation coefficients be-
tween the amplitude envelope (absolute value) of the estimated sources and
the original sources across the 120 TF frames. After correcting the permu-
tation orders, we minimized the scaling effect using the minimal distortion
principle method [110]. Then, the HFRTF-domain mixing matrix in every
frequency bin was computed by taking the pseudo-inverse of the HFRTF-
domain demixing matrix.

We compared the performance between various methods. These ap-
proaches include our two proposed methods, the impulse response trunca-
tion method [172] (Sunohara) and the original independent component anal-
ysis (ICA) [69] that was operated in both the HFRTF domain and the low-
frequency-resolution time-frequency (LFRTF) domain. Note that the scal-
ing and permutation ambiguities were not present in our proposed methods
and Sunohara’s method. These issues were resolved in the HFRTF domain.
The separation performance was evaluated using the signal-to-interference
ratio (SIR) and the signal-to-distortion ratio (SDR) between the original
source and the separated signal, which are commonly used in BSS applica-
tions [?,107]. The SIR value indicates the ratio between the signal energy of
the desired source and the signal energy of the interference signals. The SDR
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value indicates the ratio between the signal energy of the desired source and
the energy of the error signal, which is due to interfering sources and artifacts.
The SIR and SDR values were computed using the BSS_EVAL toolbox [189]
and higher values indicate better separation performance. Each set of exper-
iment was repeated 30 trials and the averaged values were presented in the
results.

For our time-domain method (Proposed-TD), the block length is 128 taps
(16 ms), e.g., Nf = 128. The demixing parameters in the time domain was
computed based on (4.41) by using the mixing matrix that was previously
estimated in the HFRTF domain. The system algorithmic latency caused by
the Proposed-TD method was 16 ms.

For our LFRTF-domain method (Proposed-LFR), a 128-taps (16 ms)
square-root of Hann window with 50% overlapped was used, e.g., Nb = 128

and Na = 64. The LFRTF-domain demixing parameters were designed based
on (4.62) using the estimated mixing matrix in the HFRTF domain by consid-
ering three neighbour frequency bins, i.e., ∆k = 3. The system algorithmic
latency caused by the Proposed-LFR method was also 16 ms.

For the original ICA approach, the estimated demixing matrix was di-
rectly applied to the observations without post-processing. The ICA method
that operated in the HFRTF domain (ICA-HFR) used a long window (Nw =

512) while the ICA method that operated in the LFRTF domain (ICA-LFR)
used a short window (Nw = 128). Thus, the system algorithmic latency
caused by the ICA-HFR method and the ICA-LFR method were 64 ms and
16 ms, respectively.

For Sunohara’s method [172], the time-domain demixing filters were first
obtained by performing the inverse Fourier transform on the HFRTF demix-
ing matrix. Next, the first 128 samples of the demixing filters were truncated.
Then, the source separation was performed using the truncated demixing fil-
ter in the time domain. Thus, the system algorithmic latency of this method
was 16 ms.
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Figure 4.4: The separation performance (SIR) of various techniques with
different reverberation times, where the number of microphones M = 8 and
the algorithmic latency was 16 ms.

4.4.2 Experimental Results

Both Fig. 4.4 and Fig. 4.5 show comparisons of the blind source separation
performance between different methods with different room reverberations.
The blue, red and yellow circles in Fig. 4.4 indicate the mean SIR values of
the first, second and third sources, respectively. In Fig. 4.5, the blue, red
and yellow circles indicate the mean SDR values of the first, second and third
sources, respectively. The error bars represent the standard deviation based
on the 30 trials.
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Figure 4.5: The separation performance (SDR) of various techniques with
different reverberation times, where the number of microphones M = 8 and
the algorithmic latency was 16 ms.

The results show that the performance of both our proposed method
surpasses the other low-latency approaches, e.g., the impulse response trun-
cating method (Sunohara) and the method that directly implements the ICA
approach in the LFRTF domain (ICA-LFR). It is interesting that the per-
formance of the LFRTF-domain method (Proposed-LFR) is similar with the
proposed time-domain method (Proposed-TD), although only three neigh-
bour frequency bins (∆k = 3) were considered in the experiment. This shows
that the effect of the further neighbour frequency bins is not significant.

Fig. ?? illustrates the performance of the proposed methods against the
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Figure 4.6: Performance of the proposed methods (SIR) against different
number of microphones M at different algorithmic latency, where the rever-
beration time is β = 0.2 s.

number of microphones for a reverberation time of 0.2 s. The performance
was evaluated using the average SIR values of the three sources. The ex-
perimental results agree with the theoretical predictions (4.43) and (4.65).
That is, the performance of the source separation can be retained in the low-
latency domain provided that there is a sufficient number of microphones.
When the number of microphones increases, the separation performance con-
tinues to increase slowly as the solution in the HFRTF domain becomes more
accurate.

Fig. 4.6 and Fig. 4.7 depict the performance of the proposed methods
against the number of microphones with different algorithmic latency for
a reverberation time of 0.2 s. The performance was evaluated using the
average SIR values and the average SDR values of the three sources in Fig. 4.6
and Fig. 4.7, respectively. When the number of microphones increases, the
separation performance continues to increase slowly as the solution in the
HFRTF domain becomes more accurate. We notice that the Proposed-LFR
method performs better than proposed-TD especially in terms of the SDR
metric, when the condition (4.43) is fulfilled (e.g., M ≥ 6 for three sources).
Because the Proposed-TD method can be considered as a full-band approach
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Figure 4.7: Performance of the proposed methods (SDR) against different
number of microphones M at different algorithmic latency, where the rever-
beration time is β = 0.2 s.
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Figure 4.8: Performance of the proposed methods (SIR in (a) and SDR in (b))
against algorithmic latency using six microphones, where the reverberation
time is β = 0.2 s.

that utilizes all the frequency bins when computing the demixing parameters,
it requires more processing effort and this introduces more distortion.

Fig. 4.8 and Fig. 4.9 illustrate the performance of the proposed methods
against the algorithmic latency using six microphones for a reverberation
time of 0.2 s and 0.5 s, respectively. For the latter scenario, the room size
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Figure 4.9: Performance of the proposed methods (SIR in (a) and SDR in
(b)) against algorithmic latency using six microphones, where the room size
is 9 m × 6 m × 2.7 m and the reverberation time is β = 0.5 s.

was 9 m × 6 m × 2.7 m. This is to simulate a classroom setting. Since
the reverberation time was higher than previous experiments, satisfactory
separation performance cannot be obtained by using a window with only 512
taps (64 ms) in the HFRTF domain. Thus, a window with 1024 taps (128
ms) was used instead. The performance was evaluated using the average SIR
values and the average SDR values of the three sources. The experimental
results agree with the theoretical predictions (4.43) and (4.65). That is, the
performance of the source separation (SIR values) can be retained in the
low-latency domain at any desired delay provided that there is a sufficient
number of microphones. However, the SDR values are affected when the
algorithmic latency is reduced due to processing artifacts. We also repeated
the experiments by using more microphones, e.g., (M = 7 and M = 8) and
obtained similar results. Hence, the performance of the proposed methods is
consistent over different room settings.

We briefly discuss the computational complexity of the proposed ap-
proaches. Recall that M is the number of microphones, L is the number
of sources, Nw is the window length in the HFRTF domain, Nf is the data
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acquisition-block length, Nb is the window length in the LFRTF domain, Na

is the length of the shift, K = 2∆k+1, where ∆k is the number of neighbour
frequency bins, and P = Nw

Na
.

Compared to the ICA-HFR method, the Proposed-TD method requires to
perform ML times of matrix multiplication to obtain (4.33), L evaluations
of singular value decomposition (SVD) to obtain the null spaces Ul and
another L evaluations for the SVD to obtain the demixing vector wl. Among
these operations, the computational cost for the SVD for finding the null
spaces Ul is the largest, i.e., O(LMNw(L − 1)2(3Nw − 2Nf )

2). Thus, the
additional computational cost of the Proposed-TD method is of the order of
O(ML3N3

w).
Compared to the ICA-HFR method, the Proposed-LFD approach re-

quires to perform ML matrix multiplications to obtain (4.56), L
(
Nb

2
+ 1

)
evaluations for the SVD to find the null spaces Ul

k in every frequency bin
and another L

(
Nb

2
+ 1

)
evaluations for the SVD to obtain the demixing vec-

tor wl
k. The computational cost for the SVD for finding the null spaces Ul

k

is the largest, i.e., O(L
(
Nb

2
+ 1

)
MPK(L − 1)2(3P − 2)2K2), among these

operations. Thus, the additional computational cost of the Proposed-LFD
method is of the order of O(MNbL

3P 3K3).

4.5 Conclusion

In this chapter, we proposed two related methods to reduce the algorith-
mic delay of blind source separation (BSS). Both methods utilize the high-
frequency-resolution time-frequency domain (HFRTF) to perform the esti-
mation. Then, the separation parameters in the low-latency domain are
computed based on the estimation in the HFRTF. The methods can be inte-
grated with existing BSS algorithms, for instance, the conventional indepen-
dent component analysis method without affecting separation performance.
They help to avoid using a long window for separating process, and hence,
this will result in a reduction of the system latency. This means the imple-
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mentation of existing BSS algorithms in real-time systems becomes possible.
Our methods exploit that adding microphones leads to additional specifi-

cation of the relation between source signals and microphone observations. In
theory, the system latency can be reduced to any desired value by adjusting
the number of microphones.
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Chapter 5

Blind Source Separation
Method for Non-Stationary
Scenarios Using
Meta-Information

In this chapter, we present a method to deal with the blind source separa-
tion (BSS) problem when a new source is introduced. The new source can be
either static or moving. A conventional generalized sidelobe canceller (GSC)
is particularly useful in this scenario, but it requires a sufficient number of
samples to obtain an accurate covariance matrix. This increases the estima-
tion delay. Our proposed method helps to resolve this difficulty. It enables
the estimation of an accurate covariance matrix using only a single snapshot
of observation data by utilizing the entire spectrum. Hence, the estimation
delay reduces, which makes it more applicable to real-world applications.
Our experiment results confirm the effectiveness of the proposed approach.

103
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5.1 Introduction

Most existing blind source separation (BSS) approaches were proposed for
time-invariant scenarios, e.g., static sources. These methods include but
are not limited to the independent component analysis (ICA) approach [20],
the degenerate unmixing estimation technique (DUET) algorithm [198], the
time-frequency ratio of mixtures (TIFROM) algorithm, etc. In a non-stationary
scenario, e.g., when a new static or moving source is introduced to the sys-
tem, the separation performance may degrade. To cope with non-stationary
scenarios, a real-time batch-wise implementation of conventional ICA ap-
proaches was used in [120, 121]. The observation signals are disassembled
into batches by assuming that each batch contains time-invariant or slightly
time-varying mixtures, so that conventional ICA approaches can be adopted
in each batch to perform source separation.

The drawback of the approaches [120,121] is that the users will experience
a delay for the system to update the separation parameters when the envi-
ronment is changing. Since ICA approaches are statistical, the delay can be
long as a sufficient number of samples is required to obtain good separation
performance. If the environment keeps changing, then the overall separation
performance can be poor. This is because each batch can no longer be ap-
proximated as time-invariant unless the length of each batch is short and this
affects the separation performance due to an insufficient number of samples.

Recently, a few approaches [126,128,175] have been proposed to perform
source separation on moving sources. These methods involve tracking of
moving sources, which can be done either by using a video camera [126] or
by estimating directions of arrival (DOA) of the moving sources. The source
separation is then performed by using beamforming techniques with the re-
constructed model based on the estimated source trajectories. All these ap-
proaches perform analysis from scratch without utilizing “meta-information”
that can be preserved from previous estimations. For instance, when a new
source appears while the desired sources remain stationary. In this circum-
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stance, the mixing channels of the desired sources are still the same, hence
the information about the mixing channels of the desired sources from pre-
vious analysis can be used to facilitate the later estimation. Moreover, the
existing approaches require a sufficient of samples to perform analysis and
this increases the estimation delay.

In this chapter, we propose an approach combined with the generalized
sidelobe canceller (GSC) beamformer to perform source separation in a sce-
nario, when a new source is introduced to the system. The new source can be
either static or moving. Our proposed method is able to perform BSS within
one single snapshot of observation data in a free-field scenario or in a less
reverberant environment. This reduces the estimation delay as one block
of data is only needed for analysis. The essence of the proposed method
is that we utilize the entire spectrum to create multiple measurements, so
that a new covariance matrix can be reconstructed. By using an innovative
structure that is based on a GSC beamformer, the “meta-information” from
previous operations can be reused. Hence, the efficiency of the BSS system
can be increased.

This chapter starts with a problem formulation to describe a model of the
BSS when a new source is introduced. Second, we review the conventional
method to cope with the new source and discuss the limitation. Next, we
provide our proposed method to improve the conventional method. Then, we
compare our proposed approach with the conventional method and present
the experimental results.

5.2 Problem Formulation

This section provides the problem formulation when a new incoming signal
is introduced to a blind source separation (BSS) system. The new incoming
signal acts as an interfering signal and the interfering source can be either
static or moving.

Consider M microphones, L desired sources and one interfering source,



106 CHAPTER 5. NON-STATIONARY BSS APPLICATION

where M > L. Denote by p and k the block index and the frequency bin
index, respectively, in the time-frequency (TF) domain. The observation
signals in the short-time Fourier transform (STFT) domain in a noiseless
scenario can be expressed as:

xp,k ≈ Aksp,k + vp,kzp,k, (5.1)

where xp,k ∈ CM×1, sp,k ∈ CL×1 and zp,k ∈ C1×1 indicate the observation
signals, the desired sources and the interfering source, respectively, at TF-
index (p, k) while Ak ∈ CM×L represents the mixing matrix at frequency bin
k and vp,k ∈ CM×1 represents the mixing vector of the interfering source at
TF-index (p, k).

We assume that we are provided with a demixing matrix Wp,k ∈ CL×M

that has previously been estimated during the periods when the interfering
source zp,k is absent. We also assume that there are no permutation and
scaling ambiguities. Then

WH
k Ak = I, (5.2)

where ·H denotes the Hermitian transpose operator. By applying Wp,k on
the mixtures in (5.1), the desired sources can still be separated as:

yp,k = WH
k xp,k = sp,k +WH

k vp,kzp,k. (5.3)

However, the lth separated source contains the lth desired source and also
the interfering source with a scaling factor of wl

k
H
vp,k as expressed in (5.3),

where wl
k ∈ C1×M is a column vector, located at the lth column in Wk.

To separate the desired source from the mixture signal yp,k in (5.3), the
obvious solution is to perform again the BSS algorithm directly on the new
mixtures xp,k in (5.1). However, there are two major drawbacks to this
approach. First, it suffers from the estimation delay. The BSS algorithms
require a sufficient number of samples to perform the separation accurately.
Second, the efficiency is low as the operation is redundant. Most of the
low-complexity BSS algorithms operate with static sources only.
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In (5.3) we show that by using the previous estimated demixing matrix
Wp,k as the meta-information, we are able to separate each individual desired
source although the results contain components of the interfering signal. The
only task that remains is to minimize the contribution of the interfering signal
in each separated source. Methods for coping with a time-invariant channel
due to a static source and a time-varying channel due to a moving source
are discussed in Sec. 5.3 and in Sec. 5.4, respectively. In the derivations, we
assume that the mean of the desired sources and the interfering signal are
all zero. Thus, the mean can be discarded while computing the correlation
coefficient and the covariance matrix.

5.3 Time-Invariant Channel

In this section, we provide a least-squares approach to estimating each desired
source from the separated sources (5.3). Consider new observation signals
that contain previous desired sources and a static interfering source, i.e., the
interfering source is not moving. By applying “meta-information” that is
available from previous operations, e.g., the previous demixing matrix Wk,
to perform BSS on the new observation signals, we are able to obtain one
desired source, albeit contaminated with an interfering signal, in each sepa-
rated signal. Hence, the aim of the approach is to eliminate the components
of the interfering signal from each separated signal and update the demix-
ing matrix. If multi-dimensional interfering signals, e.g., multiple estimates
of the interfering signals, are considered, we show that the solution of the
problem leads to a solution based on a generalized sidelobe canceller (GSC)
beamformer [53].

If the interfering source is not moving, then the unknown mixing vector
of the interfering source vp,k is a constant across the TF blocks, i.e.,

vp,k = vk ∀p. (5.4)
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Hence, the lth separated source in (5.3) can be simplified to

ylp,k = slp,k +wl
k

H
vkzp,k = slp,k + clkzp,k, (5.5)

where clk = wl
k
H
vk denotes the scaling factor of the interfering signal in the

lth separated source. Now, we use (5.5) and define an error signal for every
separated source in every frequency bin as:

elp,k = ylp,k − dlkẑp,k = slp,k + clkzp,k − dlkẑp,k, (5.6)

where dlk is a weighting factor and ẑp,k represents the estimated interfering
signal, which can be expressed as:

ẑp,k = ĉkzp,k, (5.7)

where ĉk denotes a scaling factor. The interfering signal can be easily es-
timated if we have a sufficient number of microphones, e.g., M > L. We
can design a vector that is orthogonal to the mixing vectors of the desired
sources by using “meta-information”. The vector is then used to estimate the
interfering signal by suppressing the contributions of the desired sources in
the new observation signals. However, the scaling of the estimated interfer-
ing signal is incorrect due to the unknown mixing vector of the interfering
source vk, which will be discussed later in (5.14).

The goal of the approach is to minimize the error signal by finding an
optimal dlk, so that the components of the interfering signal zp,k in the sep-
arated source ylp,k can be suppressed, so a clean desired source slp,k can be
obtained. By minimizing the mean square error of (5.6), the optimal dlk can
be obtained as:

dlk =
rylẑ,k
rẑẑ,k

. (5.8)

The correlation coefficient rylk ẑk between ylp,k and ẑp,k is defined as:

rylẑ,k =
1

Np

Np−1∑
p=0

ylp,kẑ
∗
p,k, (5.9)
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where ·∗ is the conjugate operator.
In the following, we prove that the weight dlk obtained in (5.8) is an

optimum weight factor to eliminate the components of the interfering signal
zp,k in the separated source ylp,k in (5.5). Substituting (5.5) and (5.7) into
(5.9) and (5.8) yields:

dlk =

∑Np−1
p=0

(
slp,k + clkzp,k

)
z∗p,kĉ

∗
k∑Np−1

p=0 ĉkzp,kz∗p,kĉ
∗
k

=

∑Np−1
p=0 slp,kz

∗
p,kĉ

∗
k + clkĉ

∗
kzp,kz

∗
p,k∑Np−1

p=0 ĉkĉ∗kzp,kz
∗
p,k

(5.10)

Let us assume that the lth desired source slp,k and the interference signal zp,k
are uncorrelated. Then we have

Np−1∑
p=0

slp,kz
∗
p,k ≈ 0. (5.11)

Thus, (5.10) can be approximated as:

dlk =
clkĉ

∗
k

∑Np−1
p=0 zp,kz

∗
p,k

ĉkĉ∗k
∑Np−1

p=0 zp,kz∗p,k
=
clk
ĉk
. (5.12)

Substitute (5.12) into (5.6) and we obtain the lth desired source as:

elp,k = slp,k + clkzp,k −
clk
ĉk
ĉkzp,k = slp,k. (5.13)

We have seen so far the method to extract the desired source ylp,k by using
the previous estimated demixing vector of the desired source wl

p,k and the
estimated interfering signal ẑp,k. Now, we provide a method to estimate the
interfering signal. The estimated interfering signal is a scaled version of the
original interfering signal.

To estimate the interfering signal, we first want to find a vector bk such
that bHAk = 0. Then, the interference signal with a scaling factor of ĉk can
be obtained by

ẑp,k = bH
k xp,k = bH

kAksp,k + bH
k vkzp,k = 0+ bH

k vkzp,k = ĉkzp,k. (5.14)
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Thus, bk lies in the null space of AH
k ∈ CL×M and the null space of AH

k

always exists as M > L.
By using the previously estimated demixing vector of the desired source

wl
k and (5.14), we can find the new demixing vector wl H

k,new of the lth desired
source through (5.13). The new demixing vector wl

k can be computed as:

slp,k = wl
k

H
xp,k − dlkbH

k xp,k =
(
wl

k − bkd
l
k

∗
)H

xp,k, (5.15)

and hence,
wl

k,new = wl
k − bkd

l
k

∗
. (5.16)

The correlation coefficients rylẑ,k and rẑẑ,k can be written as:

rylẑ,k =
1

Np

N−1∑
p=0

wl
k

H
xp,kx

H
p,kbk = wl

k

H
Rxx,kbk, (5.17)

and

rẑẑ,k =
1

Np

N−1∑
p=0

bk
Hxp,kx

H
p,kbk = bk

HRxx,kbk, (5.18)

respectively, where Rxx,k denotes the covariance matrix of xp,k, e.g.,

Rxx,k =
N−1∑
p=0

xp,kx
H
p,k. (5.19)

Thus, the optimum weighting factor dlk can also be expressed as:

dlk
∗
=

(
bk

HRxx,kbk

)−1
bk

HRxx,kw
l
k. (5.20)

It is worth noting that the solution (5.16) is a simplified version of the
generalized sidelobe canceller (GSC) beamformer [53], where wl

k acts as a
steering vector, bk is a blocking vector instead of a blocking matrix and dlk

∗

is the interference cancelling filter [93].
Fig. 5.1 illustrates the GSC-like structure of our problem when multiple

observation signals are considered. The estimated original sources can be
computed as:

ŝlp,k = wl
k,new

H
xp,k. (5.21)
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The new demixing vector of the lth desired source can be updated as:

wl
k,new = wl

k −Bkd
l
k, (5.22)

where Bk denotes as the blocking matrix, i.e., BkAk = 0 and dl
k now is a

vector of interference cancelling filters, which can be computed as:

dl
k =

(
Bk

HRxx,kBk

)−1
Bk

HRxx,kw
l
k. (5.23)

Figure 5.1: The GSC-like structure of the BSS problem for extracting the lth

desired source.

5.4 Time-Varying Channel

In this section, we first show that the conventional GSC beamformer can also
be useful when dealing with a time-varying channel due to a new moving
interfering source by using a model with two interfering sources to simulate
the interfering signal. Next, we discuss the problem to be solved. Then,
we propose an approach to enhance the performance of the conventional
GSC method. The proposed method enables the conventional GSC method
to find solutions by using one single snapshot of observation data. This
is particularly useful while coping with a moving interfering source as the
mixing channel varies continuously. We also discuss methods that can be
used to improve the robustness of the proposed method.
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5.4.1 Model of a Moving Source

A moving source can be seen as multiple sources at different locations across
time. We provide a model for the simplest case by considering only two
locations. Let us denote by k the frequency bin index. In the STFT domain,
the mixture of the desired source s·,k and the interfering signal z·,k at the first
location as well as the second location can be expressed as

xp1,k = Aksp1,k + vp1,kzp,k, (5.24)

and
xp2,k = Aksp2,k + vp2,kzp2,k, (5.25)

respectively, where Ak is the mixing matrix of the desired sources at fre-
quency bin index k, p1 denotes the block index when the interfering source
is at the first location and p2 denotes the block index when the interfering
source is at the second location. Alternatively, (5.24) and (5.25) can be
rewritten as:

xp,k = Aksp,k + vp1,kz̃1,p,k + vp2,kz̃2,p,k, (5.26)

where p ∈ [p1, p2] and

z̃1,p,k =

zp,k p = p1,

0 p = p2,
(5.27)

z̃2,p,k =

0 p = p1,

zp,k p = p2.
(5.28)

We now show that by using a sufficient number of microphones M , the
conventional GSC method can still be employed to update the demixing
vector wl

k. Recall that L represents the number of the desired sources. By
using (5.26), the output ylp,k after applying the demixing vector wl

k, which is
displayed in Fig. 5.1, can be expressed as:

ylp,k = slp,k +wl
k

H
vp1,kz̃1,p,k +wl

k

H
vp2,kz̃2,p,k, (5.29)
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and the output z̃p,k after applying the blocking matrix Bk ∈ CM×(M−L) can
be expressed as:

z̃lp,k = Bk
Hvp1,kz̃1,p,k +Bk

Hvp2,kz̃2,p,k. (5.30)

The optimal interference cancelling filters dl
k ∈ C(M−L)×1 can be found

by minimizing ∑
p

∣∣∣ylp,k − dl
k

H
z̃p,k

∣∣∣2 . (5.31)

After finding the optimal dl
k, the cost function in (5.31) can be expressed as:

ylp,k − dl
k

H
z̃p,k = ŝlp,k. (5.32)

Substituting (5.29) and (5.30) into (5.32) yields:

slp,k +wl
k

H
(vp1,kz̃1,p,k + vp2,kz̃2,p,k)− dl

k

H
Bk

H (vp1,kz̃1,p,k + vp2,kz̃2,p,k) = ŝlp,k.

(5.33)
Rearrange (5.33) and we obtain(

wl
k − dl

kBk

)H
vp1,kz̃1,p,k +

(
wl

k − dl
kBk

)H
vp2,kz̃2,p,k = ŝlp,k − slp,k. (5.34)

Since dl
k is the optimum solution, the right-hand-side of (5.34) vanishes.

Then, we can rewrite (5.34) into:[
vp1,k

HBk

vp2,k
HBk

]
dl
k =

[
vp1,k

Hwl
k

vp2,k
Hwl

k

]
, (5.35)

which defines a system that consists of two linear equations.
To solve (5.35), the dimensionality of the interference cancelling filter dl

k

must exceed two, e.g., M−L ≥ 2. This implies that if we perform the analysis
on N observation data, we need at least N +L microphones to employ GSC
beamformer for suppressing components of the moving interfering source. By
using more microphones, the source separation performance can be improved
and the algorithmic delay can also be reduced by using the proposed approach
that is discussed in Chapter 4. However, to ensure the accuracy of the sample
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covariance matrix that is needed in the GSC beamformer, a large number of
data samples is needed. Hence, the number of microphones required can be
large, which is impractical. Thus, we propose an approach to reconstruct the
sample covariance matrix by using only one observation data sample. The
details are discussed in the next subsection.

5.4.2 Proposed Method

Our proposed method is based on the GSC structure, but it is able to update
the demixing matrix by using only one snapshot of observation. If we would
use the conventional GSC approach as discussed in (5.23), we obtain a rank-1
covariance matrix while considering only one snapshot of observation, which
is problematic for the later estimation step. This problem can be avoided by
using the proposed approach. The essence of the proposed method is that,
based on the free-field assumption, we are able to utilize other frequency bins
to reconstruct the covariance matrix in the analysed frequency bin. Then,
the rank of the reconstructed covariance matrix is no longer one as it now
contains the information of all the desired sources and the interfering signal.
The new demixing matrix can be obtained by using the GSC method with a
reconstructed covariance matrix.

Consider a two-dimensional plane. In a free-field scenario, the observation
signal of one signal coming from the direction θlp in every TF-index (p, k) can
be expressed as:

xl
p,k = a(θlp)ks

l
p,k, (5.36)

where a(θlp)k denotes the steering vector of the direction θlp. There is a unique
relationship of the steering vectors between frequency bins. For instance, for
a uniform circular microphone array, the mth entry of a(θlp)k can be computed
as:

a(θlp)
m
k = exp−j 2π

K
k fs

c
cos(θlp− 2πm

M ) =
(
exp−j 2π

K
fs
c

cos(θlp− 2πm
M )

)k

, (5.37)

where K denotes the number of frequency bins, fs is the sampling rate, c is
the speed of the sound and M is the number of microphones.
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If a(θlp)k′ and a(θlp)k̃ are given, where k′ + k̃ = k, then we are able to
compute the steering vector a(θlp)k, i.e.,

a(θlp)k = a(θlp)k′ ◦ a(θlp)k̃, (5.38)

where ◦ denotes a Hadamard product. Note that (5.38) is valid for any
arrangement of the microphone array in a free-field scenario. Thus, we are
able to generate a new observation signal in frequency bin k by using the
observation signal in other frequency bins, e.g., frequency bins k′ and k̃,
where k′ + k̃ = k. The new observation signal can be computed as:

xl
p,k′+k̃

= xl
p,k′ ◦ xl

p,k̃
= a(θlp)k′ ◦ a(θlp)k̃ ◦ s

l
p,k′ ◦ slp,k̃. (5.39)

The vector of the new observation signal xl
p,k′+k̃

points to the same direction
of the vector of the original observation signal in frequency bin k xl

p,k but
with a different complex scaling factor, i.e., slp,k′ ◦ slp,k̃

Due to the circular and symmetry properties of the complex number,
there are always ⌊K

2
⌋ distinct pairs of k′ and k̃ that fulfill the condition

k′ + k̃ = k. Hence, we can always add at least ⌊K
2
⌋ new observation signals

while performing analysis in each frequency bin.
The reconstructed covariance matrix Rxlxl,p,k at TF-index (p, k) of the

observation signal that contains only one single source can be computed as:

Rxlxl,p,k =
1

⌊K
2
⌋+ 1

∑
k′,k̃∈K

(
xl
p,k′ ◦ xl

p,k̃

)(
xl
p,k′ ◦ xl

p,k̃

)H

, (5.40)

K =

{
k′, k̃ | k′ + k̃ = k ∩ k′, k̃ ∈

[
−K

2
,
K

2

]}
.

This makes the estimation more robust as more samples, e.g., ⌊K
2
⌋+ 1 sam-

ples, are considered for the minimization problem.
For multiple sources, we consider the simplest scenario, where the obser-

vation xp,k contains only two uncorrelated sources, e.g., s1p,k and s2p,k. Hence,
the observation xp,k can be written as:

xp,k = x1
p,k + x2

p,k. (5.41)
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The reconstructed covariance matrix Rxx,p,k by considering all frequency bins
can be expressed as:

Rxx,p,k =
1

⌊K
2
⌋+ 1

 L∑
l=1

∑
k′,k̃∈K

(
xl
p,k′ ◦ xl

p,k̃

)(
xl
p,k′ ◦ xl

p,k̃

)H

+ np,k

 ,

(5.42)
where np,k denotes a noise term due to cross terms between xi

p,k′ and xj

p,k̃
for

i, j = [1, 2] and i ̸= j. The performance can be affected by the noise term.
Since the two sources are uncorrelated, the contribution of the noise term
is smaller than the main terms

∑L
l=1

∑
k′,k̃∈K

(
xl
p,k′ ◦ xl

p,k̃

)(
xl
p,k′ ◦ xl

p,k̃

)H

.
Moreover, the two sources can have different pitches. The frequency oc-
cupied by the sources will be distinct to each other. By summing over all
frequencies, the main terms will be dominant over the cross terms.

There are few strategies that can be used to minimize the effect caused
by the noise term. This can further improve the robustness of the system.
The details of the methods will be discussed in the next subsection.

5.4.3 Robustness Improvement

In this subsection, we discuss two approaches to improve the robustness of
the system. The first method is an approach to approximate the covariance
matrix while the second approach is diagonal loading.

Tyler’s covariance estimator [183] is a well-known approach to approxi-
mate the covariance matrix due to its simplicity. It is also robust to outliers
and guaranteed to converge [199]. Tyler showed that given M -dimensional
independent and identically distributed (iid) samples, e.g., xi, where i =

1, · · · , N , which is drawn from an elliptical distribution, a good covariance
estimator is the solution to the fixed point equation

Q =
M

N

i=1∑
N

xix
T
i

xT
i Q

−1xi

. (5.43)

Tyler’s covariance estimator is a minimax robust estimator of the covariance
matrix. In addition, it is distribution-free in the sense that its asymptotic
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variance does not depend on a parametric form of the underlying distribution
[171].

Diagonal loading is a useful tool to improve the robustness of matrix
inverses. It simply adds a scaled identity matrix to the covariance matrix
[94]. The diagonal loading technique can be seen as a form of Tikhonov
regularization [137]. It improves the system robustness by adding a penalty
function to reduce the L2 norm of the estimated parameters, so that the
performance will not be significantly affected by perturbations as discussed
in Sec. 2.5.3. Furthermore, ill-posed inverse problems can be avoided as the
covariance matrix will always be full rank after diagonal loading.

By using Tyler’s covariance estimator and the diagonal loading technique,
the lth desired source can be obtained by using the GSC method as:

ŝlp,k =
(
wl

k −Bkd̂
l
p,k

)H

xp,k, (5.44)

d̂l
p,k =

(
Bk

H
(
R̂xx,k(p) + λI

)
Bk

)−1

Bk
H
(
R̂xx,k(p) + λI

)
wl

k, (5.45)

where R̂xx,p,k is Tyler’s covariance estimator of Rxx,p,k and λ is the diagonal
loading value.

5.5 Results

In this section, we first discuss the experimental setup and procedure. Then
we provide the experimental results of our proposed method and comparisons
with the conventional GSC approach [53] for both the scenarios when the
interfering source is static and moving. The separation performance was
evaluated using the signal-to-interference ratio (SIR) between the original
source and the separated signal. The SIR values were computed using the
BSS_EVAL toolbox [189].
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5.5.1 Experimental Setup and Procedure

In all experiments, the sampling rate was set to be 8000 Hz. Two speech
signals were used as desired sources and one chirp signal was used as inter-
fering signal. The entire spectrum of the chirp signal was occupied and the
length of one cycle was 1024 samples (128 ms). The length of all the signals
was three seconds. The transfer function between microphone m and source
l was computed using the free-field approximation:

aml
k =

e−j 2π
K

dml
c

fsk

4πdml

, (5.46)

where K = 1024 is the number of FFT bins, fs = 8000 is the sampling
rate, c = 330 is the speed of sound (m/s), and dml is the Euclidean distance
between microphone m and source l. A square-root of Hann window with
1024 taps and 50% overlap was used to perform the short-time Fourier trans-
form. Hence, the algorithmic delay of the system is equivalent to one window
length, which was 128 ms.

In the first set of the experiments, the arrangement of the desired sources
and the microphones are displayed in Fig. 5.2. The black crosses indicate the
microphones, which were arranged in a circular array with an inner radius
of 0.5 m at the center of the room [5 m, 5 m]. The blue dot indicates the
first desired source while the red dot indicates the second desired source.
For each trial, the interfering source was randomly placed in the room. The
experiment was performed 30 times.

For the moving interfering source, we conducted two sets of experiments
with different moving speed, i.e., at 1 m/s (a walking waiter) and at 10 m/s
(a moving vehicle). The initial position and the moving direction of the in-
terfering source were set randomly, but the interfering source was guaranteed
to reach the point [10 m, 5 m] at 1.5 s. This was to ensure that the inter-
fering source approached the microphones array as the length of the signals
were three seconds. We also assume that direction of the interfering source
were not be changed when it was moving. Each set of the experiments was
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Figure 5.2: The positions of the microphones and the desired sources. The
black crosses indicate the microphones, the blue dot indicates the first desired
source while the red dot indicates the second desired source.

repeated by 30 times. Fig. 5.3 illustrates the positions of the microphones,
desired sources and the moving interference source in the two sets of exper-
iments by using the parameters that were set in the first trial. The black
crosses represent positions of the microphones. The blue and red dots indi-
cate the two stationary desired sources. The green dot indicates the initial
position of the interfering source while the green line indicates its moving
path.

We compared the separation performance of our proposed method with
the conventional GSC method. The performance, for the case where the
BSS was only performed by using the previous demixing matrix without
post-processing by a GSC method, was included as well. We also considered
the performance of the proposed method combined with various robust im-
provement strategies, such as Tyler’s covariance estimator and the diagonal
loading technique.

The diagonal loading value λ was set to be std {diag {R}} [105], where
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(a) Moving speed = 1 m/s. (b) Moving speed = 10 m/s.

Figure 5.3: The positions of the microphones indicated by black crosses, de-
sired sources indicated by red and blue dots as well as the moving interference
signal, where the green dot indicates the initial position while the green line
indicates the moving path.

std {r} indicates the standard deviation of r and diag {·} denotes a diagonal
operator. The demixing matrix Wk was computed using the pseudoinverse
of Ak, i.e., Wk = Ak

(
AH

kAk

)−1.
All estimations were performed using only single snapshot of observation

data. The previous demixing matrix Wk was obtained using (5.2) based on
the oracle information of the mixing channels.

5.5.2 Experimental Results for a Static
Interfering Source

Fig. 5.4 illustrates the source separation performance using various tech-
niques for a static interfering source. The blue and red circles represent the
means of the SIR values over 30 trials of the first source and the second
source, respectively. The error bars indicate the standard deviation.

Based on the results, the conventional GSC method performed the worst
as the sample covariance matrix was inaccurate due to an insufficient number
of data samples since one observation data was only used for estimations
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in the experiment. The conventional GSC method tends to suppress the
contribution of the desired sources as well as the interfering signal. This is
similar to a linear regression problem with one observation data that contains
noise; the best-fitting line with no error can always be found because it
compensates with the noise term as well as the variable. Hence the method
gives poor results.

The separation performance can be significantly improved by using the
proposed method. We observed that the performance of the proposed method
can be barely improved by using Tyler’s covariance estimator and the diag-
onal loading technique. The improvement was not significant for this case.
This showed that the contribution of the noise term, which is caused by the
cross-terms between every pair of distinct sources, is small compared to the
main terms that are computed using the same source.
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Figure 5.4: Separation performance of various methods when a new static
interfering source is introduced to the BSS system.
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5.5.3 Experimental Results for a Moving Interfering
Source

Fig. 5.5 and Fig. 5.6 illustrate the source separation performance using var-
ious techniques for a slow-moving and a fast-moving interfering source, re-
spectively. The blue and red circles represent the means of the SIR values
over 30 trials of the first source and the second source, respectively. The
error bars indicate the standard deviation.

Based on the results, the proposed method outperformed the conven-
tional GSC approach and the “Unprocessed” method. The conventional GSC
approach still performed the worst as the sample covariance matrix was inac-
curate by considering only one observation data. The overall results for the
moving interference source were consistent with the case for a static interfer-
ence source. This implies that the proposed method can be employed to cope
with the BSS scenario, when a new moving interfering source is introduced.
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Figure 5.5: Separation performance of various methods when a new slow-
moving interfering source (1 m/s) is introduced to the BSS system.
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Figure 5.6: Separation performance of various methods when a new fast-
moving interfering source (10 m/s) is introduced to the BSS system.

We also include the separation results obtained in the first trial of the
experiments in Fig. 5.7 for the slow-moving interfering source and Fig. 5.8 for
the fast-moving interfering source. The first and the second rows indicate the
first and the second original sources, respectively. The third row shows the
first observation signal. The fourth and the fifth rows represent the first and
the second separated sources using the “Unprocessed” method, respectively.
The separated sources using the conventional GSC method are illustrated in
the sixth and the seventh row. The eighth and the ninth rows indicate the
separated sources using the proposed method discussed in Sec. 5.4.2.

From both the figures, we can clearly see that the interfering signal, i.e.,
the chirp signal, is present in the separation results that were obtained by
using either the “Unprocessed” method or the conventional GSC approach.
For the conventional GSC approach, we observe that the low-frequency com-
ponents of the chirp signal (the peaks) were not suppressed as much as the
high-frequency components. This is because the mixing vectors of two sources
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Figure 5.7: Partial results obtained in the first trial of experiments for a
slow-moving interfering source.

in high frequencies are much different compared to the mixing vectors in low
frequencies.
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Figure 5.8: Partial results obtained in the first trial of experiments for a
fast-moving interfering source.

5.6 Conclusion
In this chapter, we proposed a method to improve the performance of the
conventional GSC beamforming technique while dealing with an interfering
source. The proposed method allows the estimation to be performed by
using only a single snapshot of observation data, so the estimation delay
can be significantly reduced compared to the conventional GSC beamformer.
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We utilize the entire spectrum to create multiple measurements in every
frequency bin, hence the reconstructed covariance matrix is more accurate
and robust. The proposed method can be applied for both static and moving
interfering sources and it achieves good separation performance.

Since the proposed method is able to reconstruct an accurate covariance
matrix with single observation data, it can be particularly useful for practical
real-world BSS applications that desire low latency. By combining the pro-
posed method with the GSC beamformer, the previous estimated demixing
matrix can be used as “meta-information” to facilitate the later operation.
Thus, the separation parameters can be updated frequently to ensure good
source separation performance at all times.



Chapter 6

Non-Iterative Impulse
Response Shortening Method

In this chapter we present a non-iterative impulse response shortening method
aiming to reduce the latency of a system. Our method exploits that smooth-
ing the frequency-domain response generally leads to a shorter time-domain
response. The method is simple to implement and has a computational com-
plexity that is significantly lower than that of competing methods. Yet it
achieves good performance. It can be used for applications involving system
identification such as blind source separation (BSS), cross-talk cancellation
and channel equalization. Our experimental results confirm the effectiveness
of the method, demonstrating the benefit of the approach in the BSS and
cross-talk cancelling applications.

6.1 Introduction
In recent years, impulse response shortening methods have been studied
widely for different applications. These include, but are not limited to, blind
source separation (BSS) [110,112,113], speech dereverberation [200], channel
equalization [114] and cross-talk cancellation [19, 87]. It has been used to
minimize the artifacts resulting from circular convolution [112, 113] associ-
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ated with the use of the fast Fourier transform and to compensate for the
room reverberation with minimal latency [19,87,114]. We distinguish latency
due to estimation computational time and due to algorithmic delay.

BSS is an example application where the latency problem occurs. To re-
solve the algorithmic latency problem, we [33] proposed a cross-band filtering
approach, where the details are discussed in Chapter 4, to compute a low-
frequency-resolution time-frequency (LFRTF)-domain representation of the
mixing filters using the high-frequency-resolution time-frequency (HFRTF)-
domain mixing matrices. It reduces the time-lag of the system once the
calculation is completed but the computational effort to estimate the cross-
band filters is high compared to that of the basic HFRTF-domain approach.
Hence, the cross-band filtering approach is only useful for stationary scenar-
ios, where the source locations are fixed in time and the estimates can be
updated infrequently.

The latency problem also occurs in cross-talk cancellation application.
Cross-talk cancellation aims to deliver multiple signals to multiple listeners
independently and simultaneously. Differently to BSS, the information of
the room impulse response (RIR) is usually complete during the designa-
tion of the pre-filters. The pre-filters are used to process the signals before
propagating to the listeners. The time-domain approaches [19,87] have been
proposed to address this problem but suffer from high computational cost
when the length of the RIR increases.

Impulse response shortening can be applied to both the BSS and cross-
talk cancellation applications to reduce the algorithmic latency. However,
all the aforementioned approaches except [113] involve L1-norm or L∞-norm
minimization, which can lead to a slow convergence rate, prolonging the
processing time. This again results in a system with long estimation delay
and it is undesirable to real-time applications. Although [113] facilitates
the finding of the optimal solution by using the least-squares method, it
is difficult to select the correct parameters and involves inversions of large
matrices.
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In this chapter, we propose a non-iterative method to perform impulse
response shortening to reduce the system latency. It reduces both the com-
putational burden and shortens the time for signal acquisition. Our approach
is based on the fact that the spectrum of a signal becomes smoother when the
signal is zero-padded in the time-domain. Instead of computing the scaling
factors by finding the sparsest representation of the RIR in the time domain,
we search for the complex scaling factors in the frequency domain that results
in the smoothest spectrum. We demonstrate the advantage of the method
in the BSS and cross-talk cancelling applications.

The chapter first starts with an introduction of the system identification
model. Second, we provide our proposed method for impulse response short-
ening. Next, we discuss the implementations of the proposed approach in
BSS and cross-talk cancellation applications. Then, we present the simula-
tion results of our proposed method.

6.2 Impulse Response Shortening
In this section, we first review the model of system identification and discuss
the approach for impulse response shortening of [113]. Next, we introduce
our proposed method.

6.2.1 System Identification Model

We denote by hmk the frequency response of the RIR between the microphone
m and a source, which is labelled as s in frequency bin k. When the length of
the window Nw is at least twice the length of the RIR Nh and it is generally
considered that the linear system, the observation mixtures in the HFRTF
domain in a noiseless scenario can be approximated as [42]:

xp,k ≈ hksp,k, (6.1)

where xp,k and sp,k denote the vectors of the observations and the source,
respectively, at time-block index p and frequency bin k. The vector hk con-
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tains the frequency responses between all the microphones and the source,
e.g., hk =

[
h1k · · · hMk

]H
, where M indicates the number of microphones.

Denote by Hm the estimated RIR between microphone m and the source,
which is a diagonal matrix, i.e., Hm

k,k = hm
k . To shorten the estimated RIR

Hm, a complex scaling factor ck can be applied to Hm
k,k in each frequency bin

to obtain a time-domain response. The complex scaling factor introduces a
time-shift to each frequency component signal. When the factors are chosen
suitably, the frequency component signals can be aligned such that a short
time response is obtained. This causes a filtering effect to the recovered
signal [123]. The filtering effect is generally not a significant issue in most
applications. This is particularly true for BSS, where the scaling ambiguity
is usually present in the frequency-domain approaches.

The approach of [112,113] now uses a short-time Fourier transform (STFT)
and the time-domain response can be expressed as Vmc, where

Vm =
∑
Nl

ENl
F−1diag(FDNl

δ)Hm, (6.2)

and c =
[
c0 · · · cNw−1

]T
, is a vector of scaling factors. F is a discrete

Fourier transform matrix and diag(·) denotes an operator that converts a
vector to a diagonal matrix. DNl

, which is a diagonal matrix, defines the
analysis window that is shifted to the l position. ENl

is a shifting matrix that
ensures the overlapping block are merged correctly. Note that the window
length in DNl

is shorter than Nw.
To perform impulse shortening, the authors [113] approximate the time-

domain response to a pulse-like response, such as a delta function. The delta
function is the shortest response as it contains only a single one and zeros
otherwise. An optimal set of the complex scaling factor c can be obtained
by minimizing

∥d−Vc∥2 , (6.3)

where, ∥·∥2 represents an L2-norm operator,

V =
[
V1T · · · VMT

]T
, (6.4)
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d =
[
d1T · · · dMT

]T
, (6.5)

where dm denotes the delta function that contains a single one at the peak
position of Vm1. A trivial solution of (6.3) will be c = V†d, where {·}†

indicates a Moore-Penrose pseudoinverse.
In practice, (6.3) is not a good criterion to be minimized. It requires the

estimated RIR ĥm to be sparse, i.e., the amplitude of the main peak should
be relatively large compared to the other peaks. This is not the case in some
applications, e.g. BSS, as the estimated mixing matrices suffer from the so-
called scaling ambiguity across the spectrum. More details will be discussed
in Section 6.3. In addition, it needs to perform an inverse operation of large
matrices, which increases the computational burden.

6.2.2 Proposed Method

In this subsection, we propose a non-iterative method to perform impulse re-
sponse shortening. Similarly to [112,113], we introduce a new set of complex
scaling factors to shorten the estimated RIR.

The motivation for our method is based on the fact that zero-padding
a signal in the time domain leads to a smoother frequency spectrum. We
hypothesize that this implies that smoothing the frequency spectrum leads
to a short response. Instead of finding the scaling factors by making the
estimated RIR sparse in the time domain as done in [112,113], we search for
a new set of complex scaling factors in the frequency domain that lead to the
smoothest spectrum.

A smooth spectrum can be obtained by altering the coefficients of the
frequency response hk, such that they are maximally similar to each other
in adjacent bins. These coefficients can be estimated by minimizing the
following equation:

min
ck

∥hk−1 − ckhk∥2 , k = 1, · · · , Lw − 1. (6.6)
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The closed-form solution for (6.6) is given as:

ck =
hk

Hh̃k−1

hk
Hhk

, (6.7)

where {·}H denotes a Hermitian transpose. Hence, the frequency response
h̃k that varies smoothly in frequency can be computed as:

h̃k =


hk

∥hk∥
, k = 0,

ckhk

∥ckhk∥
, k = 1, · · · , Lw − 1.

(6.8)

Our proposed approach differs from [112,113] as the desired time-domain
responses are not required. It does not involve matrix inversion. Unlike
[19, 87], our method is non-iterative. Hence, the computational efficiency is
higher, and is simpler to implement. We show that our proposed method can
be implemented to design both the post-filters as shown in Section 6.3 for
BSS applications and the pre-filters as presented in Section 6.4 for cross-talk
cancellation implementations.

6.3 Blind Source Separation Application
This section first reviews the formulation of the BSS problem in the TF
domain. Next, we apply our proposed approach for impulse response short-
ening. This facilitates the computation of the representations of the LFRTF-
domain mixing filters. Then, we estimate the demixing operator in the
LFRTF-domain based on the shortened mixing filters.

6.3.1 Problem Formulation of BSS

In this subsection, we first briefly provide the necessary background for BSS.
We neglect the effect of noise in the derivation and consider the overde-
termined scenario, where the number of microphones M is larger than the
number of original sources L, i.e. M > L.
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The observation mixtures in the HFRTF domain can be written as:

xp,k ≈ Aksp,k, (6.9)

where xp,k and sp,k now denote the vectors of the observation mixtures and
the original sources at time-block index p and frequency bin k, respectively,
while Ak represents the mixing matrix at frequency bin k. The mixing ma-
trices Ak (or, alternatively, the demixing matrices), can be estimated using
the aforementioned BSS algorithms [2, 71, 84, 134, 148, 198].

To minimize the algorithmic latency, the BSS problem can be solved
by using a cross-band filtering approach [33]. The approach designs the
demixing operators based on the mixing filters in the LFRTF domain, which
are obtained from the HFRTF-domain mixing matrices. Hence, the methods
that aim to estimate Ak [2, 148, 198] are preferred.

The estimation delay is large as the computational effort is extremely
high if the estimated mixing matrix, denoted as Âk, is directly used in [33].
Due to the scaling ambiguity, a random complex scaling factor is introduced
into each column of the HFRTF-domain mixing matrix in every frequency
bin. This causes a random time-shift in each frequency band signal and leads
to a long RIR.

The computational efficiency in [33] can be improved by shortening and
truncating the mixing filters beforehand. In this case, the effect of the cross-
band filters will be minimal and can be neglected. This significantly improves
the calculation speed. The details will be discussed in the next subsection.

6.3.2 Estimating the Demixing Operator

We follow the method described in [33] to estimate the demixing operators in
the LFRTF domain, which is based on the HFRTF mixing filters. To perform
separation, we need to compute the representation of the shortened mixing
filters in the LFRTF domain. The shortened mixing filters can be obtained
by using the proposed method in Section 6.2.2. It is done by repeating (6.8)
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and (6.7) for each column of Âk for every frequency bin, e.g. hk is replaced
by the nth column of Âk and h̃k is replaced by the nth column of Ãk, where
n = 1, · · · , L.

To facilitate the computation in [14], the length of the truncated RIR
is desired to be the length of the window in the LFRTF domain. This is
to diminish the effect of the cross-band filters. The truncation can be done
by applying a rectangular window to capture the segments containing the
highest L1-norm, so that the maximal information is retained.

Denote by ãml
t the processed RIR between the mth microphone and the

lth source in the time domain, where t indicates the time index. Note that
ãml
t can be obtained by performing inverse Fourier transform on Ãml

k , where
m and l denote the mth row and the l lth column, respectively. Let ãl

t rep-
resents the RIR between all the microphones and the lth source, i.e., ãl

t =[
ã1lt · · · ãMl

t

]T
∈ RM×1. Furthermore, let Ãl represents a concatenated ver-

sion of ãl
t with all the time indexes, i.e., Ãl =

[
ã1l
0 · · · ã1l

Nw−1

]
∈ RNw×M .

Without loss of generality, we rotate the RIR, such that the segments are
located in the middle. The truncated RIR can be represented as:

Āl = D∗
l Ãl, (6.10)

D∗
l = argmax

Dl∈D
1T

∣∣∣DlÃl

∣∣∣1, (6.11)

where D is a set of zero matrices with an identity matrix located at the ith

column index:

D =
{[

0Na×i INa×Na 0Na×(Nw−Na−i)
] ∣∣∣ i ∈ [0, Nw −Na]

}
, (6.12)

where Na is the length of the ST window in the LFRTF domain.
The truncated RIR āml can be found by computing (6.10) and (6.11)

repeatedly for l = 1, · · · , L. Then, we calculate the LFRTF-domain repre-
sentation of the band-to-band mixing filters [14] and design the demixing
operators in the LFRTF domain using the method described in [33] (Section
4).



6.4. CROSS-TALK CANCELLATION APPLICATION 135

6.4 Cross-talk cancellation application

This section first briefly reviews the problem definition of the cross-talk can-
cellation. Then, we implement the proposed response shortening approach
to design pre-filters for cross-talk cancellation.

The objective of the cross-talk cancellation is to deliver the signals from
Q loudspeakers to R listeners independently and simultaneously. In general,
Q ≥ R. This can be done by designing R × Q pre-filters to compensate for
the Q×R RIR between the loudspeakers and the listeners.

Let us define grq as the time-domain pre-filter that compensates for the
signal, which propagates from the qth loudspeaker to the rth listener. Let us
denote by bqr the RIR between the loudspeaker q and the listener r in the
time domain. A time-domain approach to finding the pre-filters can be found
in [19, 87]. Both methods involve norm minimization and are implemented
iteratively, which can lead to a reduced convergence rate and prolong the
estimation delay.

We simplify the problem by transforming the problem into the frequency
domain. Hence, the pre-filter can be estimated in every frequency bin in the
HFRTF domain independently:

GkBk = I, (6.13)

where Gk ∈ CR×Q and Bk ∈ CQ×R represent the frequency responses of the
pre-filters and the RIR in frequency bin k, respectively.

To shorten the pre-filters, we apply the approach proposed in Section 6.2.
Although the scaling ambiguity is not present in the cross-talk-cancellation
application (the RIR are generally fully known), the performance is gener-
ally not significantly affected. The shortened pre-filters can be obtained by
substituting hk = gr

k, where gr
k =

[
gr1k · · · grQk

]
, and h̃k = g̃r

k in both (6.8)
and (6.7) for every frequency bin k.
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6.5 Results
In this section, we discuss the experimental results for impulse response short-
ening for both the BSS and cross-talk cancellation applications. In both
cases, we first provide the setup and then the simulation results. We note
that the main focus is to reduce the system latency. Hence, we focus on
the computational effort and the separation performance in the performance
evaluation.

6.5.1 BSS Experimental Setup

Three 10 second speech signals sampled at 16 kHz, which were obtained from
Stereo Audio Source Separation Evaluation Campaign (SASSEC) [190], were
used. We altered the activity period, such that, for each source, certain
periods existed where only one source was active. This is not necessary but
guarantees that the mixing matrices can be correctly estimated using the
sparsity-based method [2,148,198]. All the separations were conducted offline
and computed by Matlab R2015b on a PC having an Intel(R) Core(TM) i5-
5200 CPU@2.20 GHz processor with 8GB random-access memory.

In the simulation, 24 microphones were used. The observations were
obtained by convolving the speech signals with the simulated room impulse
responses (RIR). 24×3 RIR with 1024 taps were computed using the image-
source method [5], where the microphones and sources were randomly placed
in a room with a size of 3 m× 3 m× 3 m. The reverberation time was 0.2 s.

Square-root of Hann windows with 2048 taps (128 ms) and 512 taps (32
ms) were used in the high-frequency-resolution time-frequency (HFRTF) do-
main and in the low-frequency-resolution time-frequency (LFRTF) domain,
respectively. The windows were 50% overlapped. The HFRTF-domain mix-
ing matrices were estimated using both the independent component analy-
sis (ICA) method [71] and the Modified-TIFROM approach [2, 148]. The
Modified-TIFROM approach is an improved version of the TIme-Frequency
Ratio Of Mixtures (TIFROM) method by combining [2] and [148]. Instead
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of computing variances for each row of the observation vectors, we compute
variances of the angle between observation vectors in neighbouring blocks.
The permutation ambiguity was resolved using oracle information, so that
the separation performance was not affected by the permutation issue.

We examined five different approaches for each estimation method. The
stand-alone strategy identified the demixing matrices in the LFRTF domain
directly while the crossband approach [33] utilized the HFRTF domain mix-
ing matrices to compute the LFRTF-domain mixing filters and designed the
LFRTF-domain demixing operators. In addition to our proposed approach,
we tested two different impulse response shortening methods for comparison.
The minimal approach shortens the estimated RIR by resolving the scal-
ing ambiguity based on the minimal distortion principle [110]. The method
proposed by Mazur et. al. [113] is described in Section 6.2. It obtains an
optimal set of complex scaling factors by approximating the time-domain
shortened filters to a desired pulse-like response. After shortening, the esti-
mated HFRTF-domain mixing filters were truncated as suggested in Section
6.3.2 and the demixing operators were designed based on the LFRTF-domain
representation of the truncated mixing filters.

6.5.2 BSS Simulation Results

The BSS_EVAL toolbox [189] was used to compute the signal-to-interference
ratio (SIR) between the separated source and the original source to indicate
the source separation performance. A higher score indicates better perfor-
mance. We also compare the computation time of each method. The results
of all the approaches are tabulated in Table 6.1 and Table 6.2. The core BSS
estimation methods were the ICA approach [71] and the Modified-TIFROM
method [1, 148] in Table 6.1 and Table 6.1, respectively. SIRl represents the
SIR of the lth while SIRavg indicates the average value of the SIR values in
each method.

The results show that the proposed approach achieves the highest average
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Table 6.1: Performance comparison between various approaches low-latency
for BSS using the ICA method.

Metrics
ICA

Stand-
alone

Crossband
[33]

Minimal
[110]

Mazur
[113]

Proposed

SIR1 (dB) 9.70 16.47 13.62 8.24 18.32
SIR2 (dB) 10.90 12.42 15.64 13.18 16.20
SIR3 (dB) 10.69 19.13 13.66 15.74 15.60
SIRavg (dB) 10.43 16.01 14.31 12.38 16.71
Time (s) 5.39 66.71 20.52 158.35 20.37

SIR value using both the ICA approach and the Modified-TIFROM method.
In terms of the computation time for the estimation of the response, the pro-
posed approach was slower than the stand-alone method but is significantly
faster than the state-of-the-art procedures.

6.5.3 Cross-talk Cancellation Experimental Setup

In the simulation, four loudspeakers and two microphones, acting as listeners,
were randomly located in a room with a size of 3 m× 3 m× 3 m. The room
impulse responses (RIR) with 1024 taps were generated using the image
source method [5], where the reverberation time was 0.2 s. The sampling
rate was 16 kHz.

We compare the proposed approach with [19]. The L2-norm was chosen
as a criterion to be minimized to facilitate the computation in [19].

6.5.4 Cross-talk Cancellation Simulation Results

The performance of the cross-talk cancellation is measured using a direct sig-
nal to cross-talk ratio (DSCR) [78], which is the ratio of the maximum direct
response to the maximum cross-talk. High DSCR value indicates good cross-
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Table 6.2: Performance comparison between various low-latency approaches
for BSS using the Modified-TIFROM approach.

Metrics
Modified-TIFROM

Stand-
alone

Crossband
[33]

Minimal
[110]

Mazur
[113]

Proposed

SIR1 (dB) 5.31 16.24 14.62 17.77 18.72
SIR2 (dB) 20.14 22.31 22.87 19.25 25.45
SIR3 (dB) 12.82 18.44 16.04 21.07 21.26
SIRavg (dB) 12.76 18.99 17.84 19.36 21.81
Time (s) 5.01 63.45 18.13 152.72 18.24

talk cancellation performance. Fig. 6.1 shows the cross-talk cancellation
performance of our approach. The DSCR values between the direct response
and the cross-talk for the first signal and for the second signal were 17.81
dB and 17.59 dB, respectively. The computational time was 0.10 s. For the
approach in [19] with the same setup, the DSCR values were 17.67 dB and
16.98 dB while the computational time was 3.26 s. Both methods obtained
similar DSCR values but our proposed method was significantly faster than
the method of [19].

In Fig. 6.2, we compare the performance of the two approaches against
the length of the pre-filters. The results show that [19] surpasses our proposed
approach when the filter length is longer. This is a consequence of the fact
that the proposed method designs the pre-filters in the frequency domain,
resulting in the distortion associated with circular convolution. Long filters
make this distortion more severe. However, our method is more efficient
than [19] independently of the length of the pre-filters.
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Figure 6.1: Cross-talk cancellation performance of the proposed approach, where
Q = 4 and the pre-filter length was 128.
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Figure 6.2: Performance comparison with different pre-filter length.

6.6 Conclusion
In this chapter, we presented a non-iterative impulse response shortening
method. It aims to reduce the system latency, including both the signal
acquisition time and the processing time. It exploits the advantage that zero-
padding a time-domain signal yields a smooth frequency spectrum. Thus,
we are able to obtain a sparser representation of the room impulse response
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(RIR) by computing a set of complex scaling factors in the frequency domain,
which yields the smoothest spectrum. It is a non-iterative method and it
does not require matrix inversion. Hence, it is computationally efficient and
easy to be implemented, which provides a simple and practical solution for
real-time applications involving system identification. The simulation results
show that the approach can be used to design both post-filters for the blind
source separation applications and pre-filters for the cross-talk cancellation
applications.
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Chapter 7

Conclusions and Future Work

In this chapter we draw general conclusions from the contributions of this
thesis. Some future research directions that arise from our works are also
outlined.

7.1 Conclusions

In this thesis, we have addressed the major methodological limitation that en-
countered by most conventional blind source separation (BSS) algorithms in
practical real-world applications, which is the system latency problem. The
system latency can be separated into an algorithmic latency and an estima-
tion delay. We proposed several approaches to address the latency problem,
so that BSS algorithms can be implemented in real-world applications with
minimal latency.

We now provide conclusions from our contributions for each of the latency
problems.

7.1.1 Algorithmic latency

In digital signal processing applications, an algorithmic latency of one win-
dow length is unavoidable while using time-frequency (TF) domain BSS ap-

143



144 CHAPTER 7. CONCLUSIONS AND FUTURE WORK

proaches due to the overlap-add method. For conventional TF-domain BSS
methods, the window length has to be at least twice the channel response,
so that the instantaneous mixtures model in the TF domain is sufficiently
accurate to describe the time-domain mixtures model. In practice, the chan-
nel response can be long due to reverberation, and the algorithmic latency
is outside the range that is acceptable for devices.

In Chapter 3, we propose a subspace method that is able to perform BSS
by using a window length that is shorter than the channel response. The mix-
ture model is now in the low-frequency-resolution time-frequency (LFRTF)
domain. In the LFRTF domain, the mixing process is still a convolutive
process but the length of the mixing filters is significantly shorter than the
ones in the time domain. This facilitates the estimation process as the size
of the matrices that are used for analysis, is small compared to the ones in
the time domain. By using the proposed method, an instantaneous mix-
ture model in the LFRTF domain can be obtained by selecting the correct
length for the mixing filters in the LFRTF domain. The demixing parame-
ters can then be solved by using an independent component analysis (ICA)
approach. Simulation results show the proposed method is able to reduce
the algorithmic latency of the system and achieves satisfactory performance.
The drawback of the proposed method is that the separation performance
can be adversely affected when an unsuitable length is selected for the length
of the LFRTF-domain mixing filters.

In Chapter 4, we propose an alternative method to address the algorith-
mic latency problem. The proposed method can be integrated with most
existing TF-domain BSS methods. The idea is to perform the estimation
using conventional TF-domain approaches in the high-frequency-resolution
time-frequency (HFRTF) domain, where the window length is at least twice
the length of the mixing channels. The HFRTF-domain mixtures can be
described by a system of linear equations. When we decrease the window
length, the number of variables increases as the length of the mixing filters
becomes larger. To compensate for this problem, we add more microphones
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to increase the number of equations. This allows us to cancel the non-causal
components of the mixing filters when designing the separation parameters
either in the time domain or in the LFRTF domain. Theoretically, the win-
dow length for the separation process can be reduced to any desired length by
increasing the number of microphones. Experimental results show that our
proposed method can be combined with existing TF-domain BSS methods
to perform BSS with a low delay while the separation performance can still
be retained. We conclude that the proposed method allows integration with
existing TF-domain BSS methods to shorten the algorithmic latency and
achieve good separation performance. This makes BSS possible for real-time
implementations.

7.1.2 Estimation delay

The estimation delay can be caused by two factors. The first factor is due
to the methodological limitation of the methods. For instance, a sample co-
variance matrix is required in most of the beamforming methods. Hence, a
large number of samples is required to make the sample covariance matrix
useful. This increases the estimation delay as the analysis can only be per-
formed after acquiring enough data samples. The second factor is due to the
computational complexity of the methods. For instance, iterative algorithms
with a large amount of data can be time-consuming.

In Chapter 5, we proposed a method to address the BSS scenario when
a new, relatively loud, source is introduced into the system. The new source
can be either static or moving. We show that “meta-information”, such as
separation parameters that are estimated from previous operations, in com-
bination with a conventional generalized sidelobe canceller (GSC) method
can be employed to extract the desired sources. However, a covariance ma-
trix is needed for the GSC method and it requires a sufficient number of
samples to make the sample covariance matrix accurate. This prolongs the
estimation delay. By using the proposed method together with the GSC
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method, the estimation can be done by using a single snapshot of obser-
vation data. Hence, the estimation delay can be drastically reduced. We
utilize information from the entire spectrum and create more measurements
in the analysed frequency bin. Thus, for every block of data, a robust and
accurate sample covariance matrix can be obtained. Experimental results
show that, when a new source appears, the proposed method can perform
BSS using a single block of observation data with minimal effort by utilizing
the “meta-information”. The drawback of the proposed approach is that the
derivations are based on a free-field assumption, e.g., in a non-reverberant
environment. The performance can be adversely affected by reverberation.
We conclude that it is now possible to update the separation parameters of
a BSS system to account for the appearance of a new interfering signal with
minimal estimation effort in a non-reverberant scenario. This is essential for
real-time BSS applications to ensure good separation quality at all times.

In Chapter 6, we proposed a method that enables the long mixing filters
to be described by shorter representations. This is beneficial to applications
that involve system identification, such as BSS and cross-talk cancellation,
as the computational cost can be reduced while dealing with shorter impulse
responses. Due to the scaling ambiguity in the TF-domain BSS approaches,
we are able to apply complex scaling factors to frequency-domain responses.
We can make the frequency-domain responses smoother, so that in the time
domain the responses become sparser. The method is non-iterative, hence
it is computationally efficient. Simulation results confirm the effectiveness
of the method and show that it can be implemented as a post-processing
technique for BSS applications and as a pre-processing technique for cross-
talk cancellation applications.

7.2 Future Research Directions

A number of future research directions form a natural continuation of the
work described in this thesis. The first would be to implement the proposed
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approaches in practical devices, such as hearing instruments, to perform BSS
in real time. Users can concentrate on the talkers of interest. The user
experience can be improved due to the low latency of the system.

The second is to apply the proposed approaches to other applications
that involve system identification, such as beamforming, source localization,
acoustic echo cancellation, system equalization, etc. The proposed methods
focus on the system modelling, and they are not restricted to only BSS
applications.

Another interesting research direction can be exploring the implementa-
tion of the system model described in Chapter 4 on the BSS methods that
fit in neither Category 1 nor Category 2. For example, nonnegative matrix
factorization (NMF) methods and machine learning approaches [61] that are
usually employed for monaural source separation problems, e.g., a system
contains only one observation. By considering the system model of Chapter
4, these approaches might be implemented with a low delay.

In recent years, virtual-reality (VR) and augmented-reality (AR) appli-
cations have become more and more popular. The immersive experience in
these devices can be enhanced by including spatial audio [37]. BSS can be
beneficial to these applications by decomposing mixtures into multiple inde-
pendent sources and filtering unwanted signals. The desired sources are then
composed to form a new meaningful mixture. Spatial cues can also be added
to indicate the location of the desired sources to enhance the user experience.
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