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Abstract

Never before has speech been captured as often by electronic devices equipped
with one or multiple microphones, serving a variety of applications. It is the key
aspect in digital telephony, hearing devices, and voice-driven human-to-machine
interaction.

When speech is recorded, the microphones also capture a variety of further,
undesired sound components due to adverse acoustic conditions. Interfering
speech, background noise and reverberation, i.e. the persistence of sound in a
room after excitation caused by a multitude of reflections on the room enclosure,
are detrimental to the quality and intelligibility of target speech as well as
the performance of automatic speech recognition. Hence, speech enhancement
aiming at estimating the early target-speech component, which contains the
direct component and early reflections, is crucial to nearly all speech-related
applications presently available.

In this thesis, we compare, propose and evaluate existing and novel approaches
in the fields of speech enhancement. At this, we take account of the following
technical aspects, which guide the design of the proposed approaches. First, we
envisage comprehensive speech enhancement in all varieties of adverse acoustic
conditions, which requires dereverberation, interfering speech cancellation and
noise reduction. Second, we aim to exploit spatial and temporal knowledge on the
target-speech direction and statistics in form of relative early transfer function
(RETF) and time-varying early power-spectral-density (PSD) estimates, and
further to acquire such knowledge in a multi-source scenario. Third, we strive
for online processing in dynamic acoustic scenarios, and fourth, for moderate
computational complexity.

The thesis is introduced by a problem description and a thorough overview on
the state of the art. Major parts of the remainder relate to two broad concepts
in multi-microphone speech enhancement, namely beamforming and blind
deconvolution, specifically by means of the generalized sidelobe canceler (GSC)
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and multi-channel linear prediction (MCLP), respectively. While beamforming
is a well-established approach to interfering speech cancellation and noise
reduction, MCLP may be said to be the presently most popular approach to
dereverberation.

As a preparatory step towards comprehensive speech enhancement, we analyze
and compare the GSC and MCLP architecture in terms of their potential for
dereverberation and noise reduction. They mainly differ in their data-dependent
filter path, i.e. the sidelobe cancellation (SC) and the linear prediction (LP)
filter paths, which entail spatial and temporal pre-processing by means of a
blocking matrix (BM) and a delay, respectively. We show that in case of perfect
spatial knowledge, the GSC reaches the same dereverberation performance as
MCLP, while obviously performing noise reduction in addition, as opposed to
MCLP. In case of deficient spatial knowledge, however, the GSC performs worse
than MCLP in terms of dereverberation.

Based on this comparison and the recently common usage of MCLP-and-
beamforming cascades, we propose to integrate the GSC and MCLP into a novel
architecture referred to as integrated sidelobe cancellation and linear prediction
(ISCLP), where the SC filter and the LP filter operate in parallel. We propose
to estimate the SC and LP filters jointly and online by means of a single Kalman
filter. We further propose a spectral Wiener gain post-processor, relating to
the Kalman filter’s posterior state estimate. While being computationally less
demanding than two state-of-the-art approaches, the ISCLP Kalman filter is
shown to perform similar or better in various adverse acoustic conditions.

The ISCLP Kalman filter exploits spatial and temporal target-parameter
knowledge to be acquired in a multi-source scenario. To this end, we propose an
appropriate online estimation approach, namely square root-based multi-source
early PSD estimation and RETF updating. Here, as opposed to the conventional
approach, we propose to factorize the early correlation matrix and minimize
the approximation error defined with respect to the early-correlation-matrix
square root. From the proposed minimization problem, we iteratively obtain
estimates of a unitary matrix and the early PSD square roots, which further
allow to recursively update the RETF estimate. Evaluation indicates better
performance as compared to the conventional approach and convergence in only
one iteration.

The ISCLP Kalman filter exhibits a quadratic computational complexity in the
number of filter coefficients and the number of channels. We therefore propose
low-complexity variants of the ISCLP Kalman filter. The low-complexity
variants are obtained by enforcing the state estimation error correlation matrix
to assume sparse structures corresponding to the negligence of either temporal,
spatial, or all cross-correlations, leading to linear cost in either or both the
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number of filter coefficients and the number of channels. The low-complexity
ISCLP Kalman filter variants are shown to perform nearly as well as the original
variant, thereby permitting far more favourable trade-offs between complexity
and performance.

The thesis is concluded by a summary, suggestions for future research and a
discussion on industrial valorization.






Korte Inhoud

Nooit eerder werd spraak zo vaak gecapteerd door elektronische toestellen,
uitgerust met één of meerdere microfoons, voor uiteenlopende toepassingen. Dit
vormt een cruciaal aspect van digitale telefonie, hoortoestellen en stemgestuurde
mens-machine-interactie.

Wanneer spraak wordt opgenomen, capteren de microfoons ook verschillende
andere, ongewenste geluidscomponenten ten gevolge van akoestisch ongunstige
etgenschappen wvan de omgeving.  Storende spraak, achtergrondruis en
reverberatie, i.e. het nagalmen van geluid in een ruimte veroorzaakt door een
groot aantal reflecties tegen de begrenzingen van die ruimte, hebben een nefaste
invloed op de spraakkwaliteit en -verstaanbaarheid alsook op de performantie
van automatische spraakherkenning. Bijgevolg is spraakverbetering, met het
oog op het schatten van de zogenaamde vroege spraakcomponent, die naast
de directe component ook vroege reflecties bevat, cruciaal in nagenoeg alle
spraakgerelateerde toepassingen die vandaag de dag beschikbaar zijn.

In dit proefschrift worden bestaande en nieuwe methodes voor spraakverbetering
vergeleken, voorgesteld en geévalueerd. Hierbij nemen we de volgende technische
aspecten in acht, die richting geven aan het ontwerp van de voorgestelde
methodes. Ten eerste beogen we een omvattende spraakverbetering in alle
mogelijke akoestisch ongunstige omstandigheden, wat dereverberatie alsook
onderdrukking van storende spraak en ruis vereist. Ten tweede betrachten
we spatiale en temporele kennis over de richting en statistieken van de
gewenste spraakbron aan te wenden in de vorm van schattingen van de
relatieve vroege transferfunctie (RETF) en de tijdsvariante vroege spectrale
vermogendichtheid (PSD), en die kennis te verwerven in omgevingen met
meerdere geluidsbronnen. Ten derde streven we naar onlineverwerking in
dynamische akoestische omgevingen en ten vierde ook naar een matige
rekencomplexiteit.

Dit proefschrift start met een probleembeschrijving en een diepgaand overzicht
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van de state of the art. Grote delen van het verdere proefschrift houden
verband met twee concepten uit meermicrofoonspraakverbetering, met name
bundelsturing en blinde deconvolutie, specifiek door middel van respectievelijk
de veralgemeende zijlob-onderdrukker (GSC) en meerkanaals lineaire predictie
(MCLP). Waar bundelsturing een gevestigde aanpak is om storende spraak en
ruis te onderdrukken, kan over MCLP gezegd worden dat het momenteel de
meest populaire aanpak is voor dereverberatie.

Als voorbereidende stap naar omvattende spraakverbetering, analyseren en
vergelijken we de GSC- en MCLP-architecturen in termen van hun potentieel
voor dereverberatie en ruisonderdrukking. Ze verschillen hoofdzakelijk in hun
data-afhankelijke filterpad, i.e. de filterpaden voor zijlob-onderdrukking (SC) en
lineaire predictie (LP), die een spatiale en temporele voorverwerking uitvoeren
door middel van respectievelijk een blokkeermatrix (BM) en een vertraging.
We tonen aan dat, in het geval van perfecte spatiale kennis, de GSC dezelfde
performantie inzake dereverberatie bereikt als MCLP en daarenboven uiteraard
ook ruisonderdrukking uitvoert, in tegenstelling tot MCLP. In het geval van
ontoereikende spatiale kennis presteert de GSC daarentegen minder goed dan
MCLP inzake dereverberatie.

Op basis van deze vergelijking en gemotiveerd door het recente gebruik van
serieschakelingen van MCLP en bundelsturing, stellen we voor om de GSC
en MCLP te integreren in een nieuwe architectuur die we benoemen als
geintegreerde zijlob-onderdrukking en lineaire predictie (ISCLP), waarin het
SC-filter en het LP-filter in parallel werken. We stellen voor om de SC- en LP-
filters gezamenlijk en online te schatten door middel van een enkel Kalmanfilter.
Verder stellen we een spectrale nabewerking met een Wienerversterking voor, die
in verband staat met de a posteriori toestandsschatting van het Kalmanfilter.
Terwijl het minder rekenkracht vraagt dan twee state-of-the-art-methodes,
vertoont het ISCLP-Kalmanfilter een gelijkaardige of verbeterde performantie
in diverse akoestisch ongunstige omgevingen.

Het ISCLP-Kalmanfilter maakt gebruik van spatiale en temporele kennis van
parameters die gerelateerd zijn aan de beoogde spraakbron. Teneinde deze kennis
te verwerven in een omgeving met meerdere bronnen, stellen we een gepaste
methode voor onlineschatting voor die bestaat in een vierkantswortelgebaseerde
vroege PSD-schatting voor meerdere bronnen en een RETF-updating. In
tegenstelling tot de conventionele aanpak, stellen we hier voor om de vroege-
correlatiematrix te factoriseren en de te minimaliseren benaderingsfout te
definiéren met betrekking tot de vierkantswortel van de vroege-correlatiematrix.
Uit het voorgestelde minimalisatieprobleem bekomen we op een iteratieve
manier schattingen van een unitaire matrix en de vierkantswortels van de vroege
PSDs, die ons toelaten om vervolgens de RETF-schatting recursief te updaten.
Evaluatie toont een betere performantie in vergelijking met de conventionele
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aanpak en convergentie in een enkele iteratie.

Het ISCLP-Kalmanfilter vertoont een kwadratische rekencomplexiteit in
het aantal filtercoéfficiénten en het aantal kanalen. Om die reden stellen
we lage-complexiteitvarianten van het ISCLP-Kalmanfilter voor. De lage-
complexiteitvarianten worden bekomen door een spaarse structuur op te leggen
aan de correlatiematrix van de toestandsschattingsfout, waardoor een lineaire
complexiteit wordt bekomen in ofwel het aantal filtercoéfficiénten, ofwel het
aantal kanalen, ofwel beide, naargelang enkel de temporele, enkel de spatiale,
of alle kruiscorrelaties worden verwaarloosd. We tonen aan dat de lage-
complexiteitvarianten van het ISCLP-Kalmanfilter bijna even goed presteren
als de originele variant, waardoor veel gunstigere trade-offs van complexiteit en
performantie mogelijk worden.

Het proefschrift wordt afgesloten met een samenvatting, suggesties voor
toekomstig onderzoek en een discussie rond industriéle valorisatie.
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Abbreviations and Acronyms

AEC acoustic echo cancellation
AFC acoustic feedback control
ASR automatic speech recognition
BM blocking matrix

BSI blind system identification
BSS blind source separation
CAGR compound annual growth rate
CD cepstral distance

cf. confere, compare with, see also
Ch. Chapter

conv. convolutive

DoA direction of arrival

e.g. exempli gratia, for example
FD frequency domain

Fig. Figure

FSB filter-and-sum beamformer

fws frequency-weighted segmental

xi
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GLOSSARY

GEVD
GSC

ie.

ILD

IR
ISCLP
ITD
LP

LS
MCLP
MF
MINT
MIPS
MPDR
MUSHRA
MVDR
OEM
PBFD
PESQ
PSD
RETF
RIR
RLS
RTF
SC

generalized eigenvalue decomposition

generalized sidelobe canceler,
generalized sidelobe cancellation

id est, that is

interaural level difference

impulse response

integrated sidelobe cancellation and linear prediction
interaural time differences

linear prediction

least squares

multi-channel linear prediction

matched filter

multiple input/output inverse theorem
million instructions per second
minimum-power distortionless response
multi-stimulus tests with hidden reference and anchor
minimum-variance distortionless response
original equipment manufacturer
partitioned-block frequency domain
perceptual evaluation of speech quality
power spectral density

relative early transfer function

room impulse response

recursive least squares

room transfer function

sidelobe cancellation
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xiii

SDR

Sec.
SAR
SIR
SNR
SNRR
SRR
SRT
STOI
STET
SVD
TD
TFD
VoIP
WPE

Ch. 1 - signal-to-diffuse ratio
Ch. 4 — signal-to-distortion ratio

Section

signal-to-artifacts ratio
signal-to-interference ratio
signal-to-noise ratio
signal-to-noise-plus-reverberation ratio
signal-to-reverberation ratio
speech reception threshold
short-time objective intelligibility
short-time Fourier transform
singular value decomposition
time domain

time-frequency domain

voice over internet protocol

weighted prediction error

Mathematical Notation

R

C

A (bold upper case)
a (bold lower case)

A (upper case)

a (lower case)

the set of real numbers

the set of complex numbers
a matrix

a vector

a positive integer scalar,
an ordered set

a scalar
the vector defined by row i of A
the vector defined by column j of A
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Diag][a]

diag[A]

Diagg|[A]

Blkdlag[Al, ceey AN]

Tplz[a, L]

Rla]
3la]
A*
AT
AH
Al

the element at row ¢ and column j of A
the i*? element of a

the submatrix spanning rows i; to is of A, and
similarly for columns

the submatrix composed of the rows of A with indices
in ordered set S, and similarly for columns

a vector obtained from a by nullifying all except the
ith element

a vector obtained from a by nullifying all except the
elements in ordered set S

a diagonal matrix with the elements of a on its
diagonal

a column vector composed of the diagonal elements
of A

Diag [diag[A]]

a block-diagonal matrix with A;,..., Ay on its

diagonal

a Toeplitz matrix of L columns with the first column
defined by (aT le(L_l))T

the real part of a

the imaginary part of a

the complex conjugate of A

the transpose conjugate of A

the complex conjugate transpose or Hermitian of A
the inverse of A

the pseudoinverse of A

the element-wise applied absolute value of a

the element-wise non-negative square root of a

a complex vector satisfying Diag[a”/?]a"/? = a
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XV

max[aj, as]
E[A]
tr[A]
[AllF
a2

A
argmin f(A)
A

Units

the element-wise maximum of a; and as
the expected value of A

the trace of A

the Frobenius norm of A

the Euclidian norm of a

an estimate of A

the argument of the minimum of the function f(A)
over A

subject to

simplification, with the expression on the left-hand
side replaced by the computationally less expensive
expression on the right-hand side

an identity matrix, dimensions optionally indicated
by superscript

a zero matrix or zero vector, dimensions optionally
indicated by superscript

a vector of ones

[I]:,l

arc degree
dezibel
Hertz
meter

second
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Chapter 1

Introduction

Denn das Menschlichste, was wir haben, ist doch die
Sprache, und wir haben sie, um zu sprechen. !
Unwiederbringlich, Theodor Fontane (1819 — 1898), novelist and poet

1For the most human thing we have is language, and we have it to speak.



2 INTRODUCTION

SPEECH is the genuine mode of human communication. It allows us to
exchange abstract ideas, and as such has been essential to the progress and
development of our societies and culture.

For millennia, speech was solely and immediately addressed to the human ear.
In this age, however, we are able to record and reproduce speech by means of
microphones and loudspeakers, and indeed we may argue that speech recordings
have never before been as numerous as today. We make use of this asset while
having a phone call, or when we wear hearing aids. And not only that, we may
even address machines by means of speech, and so for instance communicate to
a virtual assistant.

Naturally, when speech is recorded, the microphones do not record mere speech
only, but also a variety of further, undesired sound components — and in
particular so in adverse acoustic conditions. Background noise and interfering
speakers, but also reverberation may render speech unintelligible. Fortunately,
thanks to the advances of electronics and digital signal processing, we today
possess sophisticated tools and understanding to modify microphone signals
towards our needs. If we process microphone signals such as to improve speech
quality and intelligibility in adverse acoustic conditions, we refer to this as speech
enhancement. Clearly, speech enhancement is crucial to nearly all speech-related
applications presently available.

Despite substantial progress over the course of the past decades, the research
in the fields of speech enhancement is still ongoing, and this thesis is but
one contribution. We here compare, propose and evaluate existing and novel
approaches to the problem, while taking account of practical challenges.

In this chapter, we introduce the thesis as follows. In Sec. 1.1, we outline
the nature of adverse acoustic conditions. In Sec. 1.2, we consider speech
enhancement applications and challenges, and review the state of the art. The
contributions of this thesis are anticipated in Sec. 1.3, while the underlying
assumptions are summarized in Sec. 1.4. In Sec. 1.5, we give an overview on
the remainder of the thesis.

1.1 Adverse Acoustic Conditions

In many environments, we face adverse acoustic conditions degrading speech
quality and intelligibility [1-17]. Consider, for example, the situation in Fig.
1.1, which may be set in a cafeteria or at a cocktail party. As shown in Fig. 1.1
(a), the listener tries to follow speech A, which is referred to as target speech.
At the same time, speech B is uttered, which is however not of interest to the
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Figure 1.1: Adverse acoustic conditions degrading the quality and intelligibility
of target speech — the listener has to cope with (a) interfering speech, background
noise, and (b) late reverberation, caused by a multitude of late reflections.

listener and thus referred to as interfering speech. The scene is immersed in
background noise, here produced by a crowd of people chatting, which we refer
to as babble noise. As shown in Fig. 1.1 (b), the sound waves of speech A
propagate in various directions from the target speech source and reach the
listener’s ears not only on the direct path, but also via a multitude of early and
late reflections on the room enclosure. This acoustic phenomenon of multi-path
propagation is referred to as reverberation.

We outline the nature of reverberation as well as interfering speech and
background noise in Sec. 1.1.1 and Sec. 1.1.2, respectively.
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1.1.1 Reverberation

Reverberation is the persistence of sound in a room after excitation. It is
commonly quantified by the so-called reverberation time [18,19], which is
defined as the time it takes for the sound pressure level to decay by 60 dB after
excitation has ended. In relation to the highly time-varying statistics of speech,
which are commonly said to remain stationary for no longer than a few tens of
milliseconds [20, 21], the reverberation time may be enormously long. It grows
with the volume of the room and the reflectiveness of its surfaces [18,19], and is
typically below 300 ms in living rooms, but may reach several seconds in larger
auditoria or churches [18].

Intuitively, reverberation may be explained by the concept of acoustic multi-path
propagation from a point source to a point receiver, e.g., a speaker and a listener,
in a room with reflective surfaces. From the source, sound waves are emitted
in various directions. They reach the receiver first via the direct path, i.e. the
line of sight between the source and the receiver, and thereafter via a multitude
of reflection paths of different propagation time, cf. Fig. 1.1 (b). A given
acoustic channel may be accurately described by the room impulse response
(RIR), which embodies the reflection pattern. With increasing propagation
time, the density of reflections reaching the receiver grows, but their energy
decays exponentially [18], and so the effective length of RIRs is in the range of
the reverberation time.

Commonly, reflections are divided into early and late reflections, cf. Fig. 1.1
(b), causing early and late reverberation, which have different temporal, spatial,
and perceptual properties. Early reflections, roughly identified with first-order
reflections on walls, the floor and the ceiling, arrive within 50 ms [18] after
the direct component and appear sparsely. They cause a directive sound field
and are not perceived separately from the direct component, but instead are
said to colorize and reinforce it. As such they are considered beneficial to
speech intelligibility [18,22-24]. In the remainder, we refer to the sum of the
direct component and early reverberation as the early (speech) source image.
Late reflections, associated to higher-order reflections, arrive later but appear
densely as a reverberant tail in the RIR. Late reflections cause a spatially
fairly homogeneous, often even presumed perfectly diffuse sound field and are
perceived as temporal smearing, which in the context of speech is referred
to as overlap-masking. As such, late reflections are detrimental to speech
intelligibility [1-5,8,9,11,13-15,18].

Exemplary spectrograms of an early speech source image and the corresponding
reverberant speech [25] at a reverberation time of 610ms [26] are shown in Fig.
1.2 (a)—(b). In the early speech source image, cf. Fig. 1.2 (a), tonal sounds
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such as vowels appear as sets of parallel horizontal lines, while transient sounds
such as plosive consonants appear well separated as sharp vertical lines, e.g., at
roughly 1s. If late reverberation is added, cf. Fig. 1.2 (b), the fine temporal
structure of the signal is smeared out, and formerly silent periods are filled with
reverberation.

1.1.2 Interfering Speech and Background Noise

Apart from late reverberation, we may distinguish between further undesired
sound components. In the introductory example of Fig. 1.1, we have introduced
interfering speech and background (e.g., babble) noise.

Interfering speech originates from a specific point source, which we may refer
to as interfering source. Therewith, it not only causes a directive sound field,
but is also subject to late reverberation, cf. Sec. 1.1.1. Like target speech,
interfering speech is highly non-stationary. Obviously, interfering sources may
also emit other sounds than speech, such as stationary fan noise.?

As opposed to interfering speech, background noise is not associated to a specific
point source, but is generated in a spatially distributed manner. Similarly to
late reflections, it causes a spatially fairly homogeneous, often even presumed
perfectly diffuse sound field. Similarly to speech, the statistics of background
noise may be highly time-varying, such as in case of babble noise, or may
instead be stationary, e.g., in the case of air duct noise. Note that in the case
of recordings further noise types of non-acoustic origin take effect, such as
sensor and quantization noise generated in microphones and analogue-to-digital
converters.

While noise in general is detrimental to the quality and intelligibility of target
speech [3,4,6-9,11,13,15], speech-like sound components such as interfering
speech and babble noise are particularly distracting [3,7]. An exemplary
spectrogram of the superposition of interfering speech [25,26] and babble
noise [27] is shown in Fig. 1.2 (¢). The signal energy is densely but irregularly
distributed across the spectrogram. Fig. 1.2 (d) shows the superposition of the
interfering speech and babble noise in Fig. 1.2 (c¢) with the reverberant target
speech in Fig. 1.2 (b). The fine vertical and horizontal structures of the early
target-speech source image in Fig. 1.2 (a) can no longer be recognized.

2In Ch. 2, in order to distinguish point-source noise components from other noise
components, we refer to them as coherent and incoherent, respectively.



Figure 1.2: Exemplary spectrograms illustrating
(a) the early target-speech source image,
(b) the reverberant target speech,
(c) interfering speech and babble noise, and
(d) the superposition of the signals in (b) and (c).
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1.2 Speech Enhancement

The human auditory system often copes remarkably well with adverse acoustic
conditions. Normal-hearing listeners are capable of selective hearing, and thus
frequently succeed in focusing on a single speaker despite noisy and reverberant
surroundings. This phenomenon is often referred to as cocktail party effect [12]
and associated with binaural hearing [2-4,6,12,14]. Instead of or in addition to
a human listener as in the example in Fig. 1.1, speech is also frequently captured
by electronic devices equipped with one or multiple microphones, serving a
variety of applications. In nearly all of these applications, however, adverse
acoustic conditions act detrimentally, and thus speech enhancement [28-32] is
needed to improve speech quality and intelligibility for the end listener, and
also the performance of automatic speech recognition. In recent times, due to
the pervasive availability of such devices, research and development in speech
enhancement has enjoyed broad attention.

We consider typical speech enhancement applications and identify consequential
technical challenges in Sec. 1.2.1. The state of the art in speech enhancement
is reviewed in Sec. 1.2.2.

1.2.1 Applications and Challenges

The probably longest-standing speech enhancement application is digital
telephony [33-35], nowadays covering a broad range of technologies such as
mobile telephony, the voice over internet protocol (VoIP), and tele-conferencing.
In telephony, speech is transmitted from one end to another, with undesired
components mixing in due to adverse acoustic conditions at the near end,
particularly in distant-speaker scenarios such as in hands-free telephony. The
speech signal is usually transmitted monophonically with limited acoustic
bandwidth. For data compresion, lossy speech coding [36] is commonly applied,
further reducing speech intelligibility and quality — and thereby rendering speech
enhancement all the more important.

Another application domain for speech enhancement is hearing devices, such
as hearing aids or cochlear implants [37-44]. Hearing devices process and
reproduce recorded speech signals in order to render them intelligible for their
hearing impaired wearer, e.g., by compensating hearing loss through non-linear
compression. As hearing impairments typically reduce the ability of selective
hearing [6,7,9,15], hearing devices also incorporate speech enhancement in their
processing chain.
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While telephony and hearing devices concern human-to-human communication,
technological advances in automatic speech recognition (ASR) [31,45-49] have
made voice-driven human-to-machine communication viable on a mass scale.
ASR may be used in, e.g., smart devices such as smart phones or smart speakers,
and serve applications as diverse as virtual assistants, home automation, medical
transcription, gaming or even military applications. The recognition task
may vary across applications between command-and-control and continuous
speech recognition. As the performance of ASR also suffers from noise and
late reverberation [31,45-49], especially in distant-speaker scenarios, speech
enhancement is often used as a front-end to ASR.

From a technical point of view, the above mentioned applications imply a
number of challenges to be tackled in the development of speech enhancement
algorithms. These challenges may be identified as follows.

1. Comprehensive speech enhancement — While early speech enhance-
ment approaches usually disregarded reverberation, mere dereverberation
approaches disregard interfering speech and noise, cf. also Sec. 1.2.2.
As the above mentioned applications may be used in diverse acoustic
environments, however, simultaneous treatment of all adverse acoustic
conditions is generally required in practice. In this thesis, we therefore
envisage comprehensive speech enhancement including dereverberation,
interfering speech cancellation, and noise reduction.

2. Target-parameter knowledge — Speech enhancement commonly
requires some prior knowledge relating to the target-speech source, which
we refer to as target-parameter knowledge. We may distinguish channel
knowledge, i.e. knowledge on the acoustic channel between the target-
speech source and the microphone(s), spatial knowledge, i.e. knowledge
relating to the target-speech direction,® and temporal knowledge, i.e.
knowledge relating to the time-varying target-speech statistics. In practical
speech enhancement applications, the acoustic environment and naturally
the target speech signal are unknown, and so target-parameter knowledge
needs to be acquired. While accurate channel estimates are difficult
to acquire, especially in noisy environments [142,143], it is known that
dereverberation approaches based on explicit acoustic channel equalization
are very sensitive to channel estimation errors and fluctuations [73,75].
In contrast, usage of spatial and temporal knowledge is well established

3Note that channel and spatial knowledge relate to each other, however are not equivalent:
while spatial knowledge strictly requires multiple microphones and comprises knowledge on
directive components only, i.e. the direct component and early reflections, channel knowledge
is defined for both a single and multiple microphones and in addition contains knowledge on
late reflections.
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in practice, cf. also Sec 1.2.2. In this thesis, we therefore do not rely on
channel knowledge, but exploit spatial and temporal knowledge, which we
strive to obtain in a multi-source scenario.

3. Online processing — Online processing, also referred to as real-time
processing, means the processing of a continuous stream of input data
such as to produce a continuous stream of output data. In our case, the
input and output data streams are digital audio signals. The relative delay
between the input and the output data stream is referred to as algorithmic
delay. In most speech enhancement applications, in particular in telephony
an hearing devices, but also in continous-speech recognition applications,
online processing with small algorithmic delays is strictly required in
order to avoid unnatural pauses in human conversations [34, 35,40, 41].
Ouline processing further potentially allows [50-52] to cope with dynamic
acoustic scenarios, i.e. scenarios with time-varying noise fields or even
moving sources and microphones. The opposite of online processing is
referred to as batch processing, where an entire batch of input data is
collected before any output data is produced, disregarding algorithmic
delay constraints. Batch processing may be used in, e.g., command-and-
control speech recognition applications, but is generally less useful than
online processing. In this thesis, we therefore strive for online speech
enhancement able to cope with dynamic acoustic scenarios.

4. Computational Complexity — Computational complexity is the
amount of resources required to execute an algorithm, most notably the
number of arithmetic operations, especially multiplications and divisions,
and memory usage. While the processing power of integrated hardware
has greatly improved over the last decades, low computational complexity
is still required in many applications. For instance, mobile devices
such as mobile phones and especially hearing devices exhibit small form
factors, which limit processing power, memory, and battery life [39-41].
Furthermore, with speech enhancement being only one of them, available
resources have to be shared among several processing blocks, e.g., with
acoustic echo cancellation (AEC) [53,54] in telephony, acoustic feedback
cancellation (AFC) [38,44,54,55] and non-linear compression in hearing
devices, ASR in smart devices, and potentially many other services
unrelated to audio. In many signal processing tasks, computational
complexity may be reduced at the expense of performance. In this
thesis, we therefore strive for reasonable trade-offs between computational
complexity and performance of speech enhancement.
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1.2.2 State of the Art

From a modeling and algorithmic development perspective, dereverberation is
far more challenging as compared to interfering speech cancellation and noise
reduction. Dereverberation approaches have to cope with the enormous length
of acoustic channels, the time-varying statistics of the late reverberant sound
field, and the nearly always simultaneous presence of early speech and late
reverberant components. During the past decades, based on different models on
the observed reverberant signal and using different kinds of target-parameter
knowledge, a large variety of dereverberation approaches has emerged [56-116].
Furthermore, as nearly all approaches to noise reduction have also been adopted
in dereverberation in a similar manner, we do not discuss noise reduction
separately, but only in conjunction with dereverberation.

Selected speech enhancement approaches are reviewed in Sec. 1.2.2.1. The
estimation of required target-parameter knowledge is briefly summarized in Sec.
1.2.2.2.

1.2.2.1 Spatio-Temporal Speech Enhancement

In this section, we discuss spatial, temporal, and spatio-temporal dereverberation
and speech enhancement approaches. In this context, the attribute spatial may
be interpreted in a wide sense, namely as referring to approaches that exploit
variations across space, i.e. all approaches employing multiple microphones, or
in a strict sense, namely as referring to approaches that exploit explicit spatial
knowledge on the target speech source. Similarly, the attribute temporal may
be interpreted in a wide sense, namely as referring to approaches that exploit
variations across time, or in a strict sense, namely as referring to approaches
that exploit explicit temporal knowledge on the target speech source.

In the following, we discuss the classes of approaches shown in Table
1.1, which are differently motivated: (a) spectral enhancement [56-70], (b)
channel equalization [71-79], (c¢) beamforming [80-87], (d) multi-channel linear
prediction (MCLP) [88-103], (e) signal state-space estimation [104-107], and
(f) hybrid approaches [108-116]. Each approach in Table 1.1 is categorized by
the following properties (cf. also the table’s legend):

e Multi-channel — Most approaches rely on multiple channels, and may
therefore be classified as spatial approaches in the wide sense.

¢ Model domain — Most approaches rely on time domain (TD) or time-
frequency domain (TFD) models, while mere frequency domain (FD)
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models are rarely used. In the TFD and the FD, individual frequency
bins are usually treated independently, which reduces computational
complexity.

o Modeling of (late) reverberation — Reverberation is modelled as
convolutive in the TD or per frequency bin in the TFD [117], and rarely
as multiplicative in the FD. Approaches based on convolutive models may
be classified as temporal approaches in the wide sense. In the FD and
the TFD, the RIR respectively corresponds to the room transfer function
(RTF) and the convolutive RTF or sub-band RIR [117]. In the TFD,
the frame length is usually in the same order as the arrival time span of
early reflections, and so it is customary to assume that early reflections
arrive within the same frame, while late reflections arrive in subsequent
frames. Alternatively, late reverberation may be modelled more coarsely
as additive in the TFD, where it is assumed that the early source image
and late reverberation are uncorrelated, and so late reverberation may be
treated similarly to noise.

o Treatment of multiple sources and noise — Commonly, a single
source is assumed, such that interfering speech suppression is rarely
considered. While some approaches consider noise suppression, others do
not, rendering them mere dereverberation approaches.

o Target-parameter knowledge — Target-parameter knowledge is either
required a priori, or its estimation is an inherent part of the approach.
Channel knowledge is usually provided by RIR estimate(s). Spatial
knowledge is given by estimates of the direction-of-arrival (DoA) or the
relative early transfer functions (RETFS) of the early target-speech source
image, in the following referred to as target-speech DoA and target-speech
RETFs, respectively. Temporal knowledge is usually given by estimates of
the time-varying power spectral density (PSD) of the early target-speech
source image, referred to as early target-speech PSD. Approaches using
spatial and/or temporal target-parameter knowledge may be classified as
spatial and/or temporal in the strict sense.

e Online processing — While some approaches allow online processing of
the microphone signals, others rely on batch processing.

e Computational complexity — Approaches based on additive late
reverberation models may be said to be of relatively low complexity,
while approaches based on convolutive models exhibit moderate to high
computational complexity.

Note that apart from the approach classes (a)-(f) further approach classes
to dereverberation have emerged, such as, e.g., approaches using a speech
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production model and residual processing [118-120], approaches based on non-
negative matrix factorization [121-123], and deep learning-based approaches
[124-128]. As these relate only remotely to the contributions of this thesis,
however, we do not further discuss these here, but leave it at mentioning them
for completeness.



Table 1.1: Overview of spatio-temporal speech enhancement approaches [56-116] and their properties. Approaches
covered by, e.g., Ch. 4 of this thesis are denoted by [4], and similarly for other chapters. A legend to some of the

properties is given in the footnotes at the end of this table.
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W — multiple sources are treated separately,
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X — neither of the above.

2Target-parameter knowledge is categorized in the following manner,
channel — RIR(s) (TD), RTF(s) (FD), or convolutive RTF(s) (TFD) between the speech source and the microphone(s),
estimates presumed given,
spatial — target-speech DoA (TD or TFD) or RETFs (TFD), estimates presumed given,
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(—) — as above, but estimation is an inherent part of the approach.

3The entry (v) indicates that online processing is principally possible, but as the required acoustic channel estimate is typically
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(a) Spectral Enhancement Spectral enhancement [30,56-70] relies on an
additive model of late reverberation in the TFD, i.e. late reverberation is
treated similarly to noise. A real-valued time- and frequency-varying gain is
derived based on some optimalty criterion, e.g., the (multi-channel) Wiener filter
((M)WF) criterion [42,129,130], and applied to the (spatially pre-processed, cf.
also beamforming) microphone signals. Depending on whether early speech or
late reverberation and noise are pre-dominant in a particular time-frequency tile,
the derived gain will be closer to one or closer to zero, and thereby suppresses
undesired components at the expense of some amount of speech distortion.
The gain depends on temporal target-parameter knowledge in the form of the
early target-speech PSD and further late reverberation and noise PSDs or
alternatively the signal-to-(noise-plus-)reverberation ratio (S(N)RR). Generally,
spectral enhancement is suitable for online processing and may be said to be of
relatively low complexity.

In single-channel spectral enhancement [56, 58], the early target-speech PSD
and late reverberant PSD estimation are based on a statistical model for
reverberation parametrized by room acoustic measures, e.g., based on Polack’s
model [131] and the presumed known reverberation time [18]. In multi-
channel spectral enhancement [57-70], most approaches [57-64, 66, 67] rely
on spatial target-parameter knowledge. It is further commonly assumed that
late reverberation may be modeled as diffuse [61-70,132]. In this case, the SRR
becomes equivalent to the signal-to-diffuse ratio (SDR) [59,60], which may be
used instead of PSD estimates. Note that multi-channel speech enhancement
is commonly applied in conjunction with beamforming [57, 58, 60-68], most
notably in the MWF [61-68].

In Ch. 4, we propose a square root-based multi-source early PSD estimation
and RETF updating approach, cf. also Sec. 1.3, which may similarly be used
for spectral enhancement, cf. Ch. 3.

(b) Channel Equalization Channel equalization [31,71-79] is typically based
on a convolutive reverberation model in the TD [71-75,77,78] and aims at
dereverberation by equalizing the acoustic channel between the target source
and the microphone(s), while noise reduction is not considered. While individual
RIRs are not invertible due to their non-minimum-phase characteristic [76],
the pioneering multiple input/output inverse theorem (MINT) [71] states that
using multiple channels, an exact and stable inverse indeed exists if the RTFs
are relatively prime, i.e. if they do not share common zeros. Consequently,
most channel equalization approaches rely on multiple channels [71-75,77-79]
and may be classified as MINT-based [71,73-75,77-79]. Channel knowledge is
fundamental and presumed available in form of RIR estimates. The enormous
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length of RIRs makes channel equalization very sensitive to estimation errors
and acoustic channel fluctuations [73]. As the equalization filter is typically
estimated before run time solely based on channel knowledge [71-77,79], dynamic
scenarios cannot be tracked, but computational complexity remains moderate.

Instead of complete equalization, partial equalization may be used to maintain
early reflections [72,74,75]. In [72], channel shortening based on a Rayleigh
quotient criterion maximizing the early-to-late energy ratio has been proposed,
which can be shown to be closely related to partial MINT equalization [74,75].
To reduce the detrimental effects of RIR estimation errors and RIR fluctuations
during runtime on the equalization performance, Tikhonov regularization [73,75]
as well as generalized Rayleigh quotient regularization [73,75] may be applied.
In [78], data-dependent MINT-based equalization promoting sparsity has been
proposed.

(c) Beamforming Beamforming [42,80-87,133,134] commonly relies on an
additive model of late reverberation in the TFD [83-87], treating reverberation
similarly to noise. As a multi-channel filtering technique using explicit
spatial knowledge on the target source, beamforming aims at combining
individual channels such that constructive interference is obtained in the desired
direction, while destructive interference is obtained in other directions, thereby
suppressing undesired components. This may be achieved by means of data-
independent [83] or data-dependent optimality criteria [42,80-87,133,134], e.g.,
the data-independent super-directive criterion [42,83,134], or the data-dependent
minimum-variance distortionless response (MVDR) [42, 80-83, 85-87, 134]
criterion. The MWF [42,61-68, 129, 130] contains the MVDR, beamformer
as a spatial pre-processor. Online processing is typically feasible, where TFD
domain approaches solely based on an additive late reverberation model [83-86]
may be said to be of relatively low complexity.

In [83], a cascaded approach is presented, using data-independent, super-
directive beamforming for dereverberation, and data-dependent beamforming
for noise reduction. The generalized sidelobe canceler (GSC), a popular
implementation of the MVDR beamformer using an unconstrained sidelobe
cancellation (SC) filter, has been applied in different constellations [85,87].
In [85], joint dereverberation and noise reduction is performed using a single
GSC, while in [87], a nested structure is proposed, employing an inner GSC for
dereverberation and an outer GSC for noise reduction. In [84], multiple speech
sources are considered, with spatial knowledge based on instantaneous DoA
estimates. While typically not aiming at channel inversion, beamforming based
on a convolutive reverberation model in the TD has been shown to relate to
MINT equalization if RIRs are incorporated in the filter design [81].
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In Ch. 2, we analyze and compare the GSC architecture and the MCLP
architecture for joint dereverberation and noise reduction both in the TD and
the TFD, cf. also Sec. 1.3.

(d) MCLP Multi-channel linear prediction (MCLP) [88-103] is a commonly
used deconvolution technique based on a convolutive reverberation model
in the TD or TFD, while noise reduction is not targeted. It potentially
achieves complete dereverberation under MINT conditions [71]. As opposed to
MINT-based equalization, however, prior knowledge on the acoustic channels
is not required, but equalization is performed blindly, rendering it particularly
attractive in practical applications. MCLP relies on the premise that the late
reverberation to be canceled can be modelled as a filtered version of the delayed
microphone signals, i.e. as a linear prediction (LP) component. The prediction
delay defines the amount of early reflections to be maintained. The sole task
in MCLP therefore consists in estimating the multi-channel LP filter from
the microphone signals. While batch processing is common [88-91,93-97],
more recent approaches operate online [92,98-103]. Due to the convolutive
reverberation model and the data-dependent LP filter estimation (as opposed
to MINT-based equalization), computational complexity may be said to be
comparably high [88-101,103].

For present-day prevailing TFD-based MCLP [90,92-103], it is known that
incorporating temporal target-parameter knowledge in the filter estimation, e.g.,
the early target-speech PSD, greatly improves performance. Batch processing
approaches [90,93-97] typically rely on maximum-likelihood estimation [90,
93,94, 96,97] and a time-varying Gaussian [90,93-95] or sparse prior-based
[96,97] model of the early speech source image, and estimate the LP filter
and temporal target-parameter knowledge in an alternating, iterative manner.
Online approaches [92,98-103] in contrast, based on RLS [92, 100, 103] or
the Kalman filter [98,99,102], require temporal target-parameter knowledge
a priori. In [94], MCLP for several point sources is combined with blind
source separation (BSS) [135,136]. A complexity-reduced MCLP Kalman filter
neglecting temporal cross-correlations in the state estimation error correlation
matrix has been proposed in [102].

In Ch. 2, we analyze and compare the MCLP architecture and the GSC
architecture for joint dereverberation and noise reduction both in the TD and
the TFD, cf. also Sec. 1.3.

(e) Signal State-Space Estimation Signal state-space estimation [104-107]
may be based on a convolutive reverberation model in the TD [104,105] or the
TFD [107], or on a multiplicative model in the FD [106]. Approaches of this kind
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interpret the microphone signal model as the measurement equation of a state-
space model, with the speech-source signal [104-106] or the early speech source
image [107] being the true state to be estimated. All presented approaches
[104-107] treat the acoustic channel as unknown, rendering the estimation
problem non-linear. The recursive nature of state estimation algorithms allows
for online processing, where computational complexity may be said to be
comparably high.

In order to tackle the non-linear state estimation problem, the uncented Kalman
filter is employed in [104]. In [105], two alternating Kalman filters are used
to estimate the speech-source signal and the acoustic channels, with further
unknown model parameters sampled in a particle filter. In [106, 107], the
Kalman filter is embedded in an expectation-maximization architecture in order
to estimate both the state and remaining model parameters.

(f) Hybrid Approaches Hybrid approaches [108-116] combine two of the
previously discussed different approach classes in order to compensate for the
short-comings of each. We consider approaches combining channel equalization
and beamforming [108-110], approaches combining MCLP and beamforming
[111-115] and an approach combining MCLP and signal state-space estimation
[116]. Another commonly used combination consists of beamforming and
spectral enhancement, as, e.g., in the MWF [42,61-68,129,130].

In [108, 109], for merely reverberant scenarios, a trade-off between the
dereverberation performance of MINT-based equalization and the robustness of
beamforming is obtained by combining the respective cost functions. Similarly,
for reverberant and noisy scenarios, a trade-off between dereverberation and
noise reduction may be obtained [110]. Instead of MINT-based equalization,
also MCLP may be combined with beamforming in order to achieve both
dereverberation and noise reduction. Cascades of MCLP and beamforming have
been used in [111-115], which was seen to be a commonly adopted approach in
the 2018 CHIiME-5 challenge [49]. In [115], it has been proposed to unify the
cascade, yielding a single cost function. In [116], MCLP is combined with signal
state-space estimation, where a pair of alternating Kalman filters respectively
estimate the LP filter and the noise-free but reverberant speech component.

In Ch. 3, we propose the integrated sidelobe cancellation and linear prediction
(ISCLP) Kalman filter, cf. also Sec. 1.3, which integrates the MCLP and the
GSC architecture. In Ch. 5, complexity-reduced variants of the ISCLP Kalman
filter are proposed, cf. also Sec. 1.3.
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1.2.2.2 Target-Parameter Estimation

The approaches discussed in Sec. 1.2.2.1 commonly require channel knowledge,
spatial knowledge, or temporal knowledge on the target speech source. In this
section, we briefly summarize corresponding estimation approaches.

Channel Knowledge Channel knowledge, as required in [71-82,87,108-110],
is usually provided by RIR estimates. For unknown source signals as in speech
enhancement, RIR estimation is a blind system identification (BSI) problem. In
case of a single source and multiple channels, acoustic BSI approaches typically
rely on the cross-relation property [137—-141], which denotes the fact that if two
microphone signals are filtered with the RIRs to the respective other microphone,
the output of both filters must be the same. If the autocorrelation matrix of the
source signal has full rank, the RIRs are identifiable under MINT conditions,
i.e. if the RTFs do not share common zeros. Note that BSI for RIRs is known
to be sensitive to near-common zeros and noise [142,143].

Spatial and Temporal Knowledge Spatial knowledge, as required in [57—
64, 66,67,83-87,111-115], may be provided by target-speech DoA estimates
[135,144-146], e.g., obtained by the well-known MUSIC algorithm [144], or
target-speech RETF estimates [65,69,70,147-149], e.g. obtained by subspace-
based covariance whitening [65,147-150]. Temporal knowledge, as required
in [85,86,92,98-103,111,116], is usually provided by early target-speech PSD
estimates. The early target-speech PSD estimate may, e.g., be obtained as in
spectral enhancement [56-58,61-70]. In [86,100,111], the early target-speech
PSD estimate is obtained based on a statistical model for late reverberation
similar to [56,57], while in [102], the estimator in [68] is used. Alternatively, the
early target-speech PSD may be estimated from the enhanced signal obtained in
previous frames [99,116], or by means of a neural network [101,103]. Approaches
to joint estimation of spatial and temporal knowledge have been proposed for
both a single source [65,70] and multiple sources [69].

In Ch. 4, we propose a square root-based multi-source early PSD estimation
and RETF updating approach, cf. also Sec. 1.3.

1.3 Contributions

The contributions of this thesis may be linked to the challenges identified in
Sec. 1.2.1 as outlined below.
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1. Comprehensive speech enhancement — In this thesis, we envisage

comprehensive speech enhancement including dereverberation, interfering
speech cancellation, and noise reduction. Presently, the undoubtedly most
popular approach class to dereverberation is MCLP. Based on a convolutive
reverberation model, MCLP is potentially more performant than spectral
enhancement and beamforming, which are usually based on additive late
reverberation models. Yet, as compared to other convolutive reverberation
model-based approach classes, namely channel equalization and signal
state-space estimation, MCLP does not rely on prior or intermediate
channel estimation. Unfortunately, however, interfering speech and noise
are not suppressed in MCLP. In terms of interfering speech cancellation
and noise reduction, instead, beamforming may be identified as the best
established approach.

Therefore, as preparatory step towards comprehensive speech enhancement,
we analyze and compare the MCLP architecture to a data-dependent
beamforming architecture, namely the GSC architecture, cf. Ch. 2.
Here, as opposed to most beamforming architectures, also the GSC
formulation relies on a convolutive reverberation model. In the signal
model, we consider a reverberant target speech component, coherent
(i.e. point-source) noise and incoherent noise components. We provide a
better understanding of the theoretical performance limitations of both
architectures depending on a number of boundary conditions, such as noise
levels, filter length and number of microphones. In particular, assuming
perfect spatial knowledge, we show that the GSC potentially performs
equally well as MCLP in terms of dereverberation, while obviously
performing noise reduction in addition. These theoretical findings are
confirmed by simulations in the TD. Further, based on TFD simulations,
we show that if spatial knowledge is deficient due to modeling and
estimation errors, the GSC instead performs worse than MCLP in terms
of dereverberation.

Given the results of Ch. 2 and the success [49] of MCLP-and-beamforming
cascades, based on a TFD formulation, we propose to integrate the GSC
and MCLP into a parallel architecture we refer to as integrated sidelobe
cancellation and linear prediction (ISCLP), cf. Ch. 3. The signal model
comprises several reverberant speech components, whereof some are to be
dereverberated and others to be canceled, as well as a diffuse (e.g., babble)
noise component to be suppressed. Within the ISCLP architecture, we
estimate the SC and LP filters jointly by means of a single Kalman filter.
We further augment the ISCLP Kalman filter by a spectral post-processor,
which is shown to relate to the Kalman filter’s posterior state estimate.
In order to demonstrate the effectiveness of the ISCLP Kalman filter, we
compare against two state-of-the-art approaches — first the previously
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mentioned alternating Kalman filters in [116], and second an MCLP+GSC
Kalman filter cascade, conceptually relating to [111-114]. As compared to
these two reference algorithms, the ISCLP Kalman filter is computationally
less expensive, yet it is shown to perform similarly or better as compared
to the alternating Kalman filters, and to outperform the MCLP+GSC
Kalman filter cascade.

2. Target-parameter knowledge — The proposed TFD-based ISCLP
Kalman filter, c¢f. Ch. 3, does not rely on channel knowledge, but requires

spatial and temporal target-parameter knowledge, namely target-speech
RETFs and the early target-speech PSD.

In this thesis, we strive to obtain this knowledge in a multi-source
scenario. In Ch. 4, we propose a square root-based multi-source early PSD
estimation and RETF update approach in reverberant environments. Here,
as opposed to the conventional approach in the manner of [61,64,66,84,151],
we propose to factorize the early correlation matrix and minimize the
approximation error defined with respect to the early-correlation-matrix
square root. The proposed minimization problem seeks a unitary matrix
and the square roots of the early PSDs up to an arbitrary complex
argument, making conventionally used non-negative thresholding or non-
negative inequality constraints redundant. The estimated unitary matrix
and early PSD square roots further allow to recursively update the
RETF estimate, which is not inherently possible in the conventional
approach. Simulation results indicate better performance as compared to
the conventional approach in terms of the relative squared PSD estimation
error and the signal-to-interference ratio measuring the source-component
separation.

3. Online processing — In this thesis, we strive for online speech
enhancement able to cope with dynamic acoustic scenarios. While
the comparative analysis of the GSC and MCLP in Ch. 2 relies on
batch processing, the ISCLP Kalman filter proposed in Ch. 3, operates
recursively by nature. In the square root-based multi-source early PSD
estimation and RETF updating approach proposed in Ch. 4, the early
PSDs are estimated independently per frame, while the RETF update
is performed recursively. Both proposed approaches may therefore be
implemented in an online processing chain. Both the state of the ISCLP
state-space model in Ch. 3 and the RETFs in Ch. 4 are assumed time-
varying, which allows to track dynamic scenarios.

4. Computational Complexity — In this thesis, we strive for reasonable
trade-offs between computational complexity and performance of speech
enhancement.
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Although being cheaper than comparable state-of-the-art approaches
[112,113,116], the ISCLP Kalman filter proposed in Ch. 3 exhibits
a quadratic cost in the number of filter coefficients and channels per
frequency bin. In Ch. 5, we consider complexity reduction of the ISCLP
Kalman filter by neglecting cross-correlations in the state estimation error
correlation matrix, thereby enforcing a sparse structure. Specifically, we
consider neglecting temporal, spatial, and all cross-correlations, obtaining
linear cost in the number of filter coefficients, linear cost in the number
of channels, and linear cost in both the number of filter coefficients and
channels, respectively. In our experimental validation adopting the same
simulation setup as for the original ISCLP Kalman filter in Ch. 3, we show
that the simplified variants of the ISCLP Kalman filter perform nearly
as well as the original variant, thereby permitting far more favourable
trade-offs between complexity and performance.

Note that MATLAB implementations of the ISCLP Kalman filter in Ch. 3, the
multi-source early PSD estimation and RETF updating approach in Ch. 4, and
the complexity-reduced Kaman filters in Ch. 5 are available online [152-154].

1.4 Assumptions

The contributions outlined in Sec. 1.3 are based on a number of commonly and

successfully employed assumptions regarding the observed microphone signals
in the TFD. These are summarized as follows.

e The signal is assumed to be uncorrelated across sub-bands. For convolutive

sub-band models, this corresponds to an approximation of the TD
convolution in the TFD [117], ignoring cross-band dependencies. It is
used throughout the thesis and in the vast majority of TFD-based speech
enhancement approaches [56-70,79,83-87,90,92-97,99-103,107,111-116],
as it allows to treat sub-bands independently and thereby reduce
computational complexity.

Both late reverberation and background noise are assumed to be diffuse.
Lacking detailed knowledge on the acoustic environment, this is a
commonly made [42,61-70,83,132,134,167], albeit not necessarily accurate
assumption. Along with the subsequent assumption, it is employed in
Ch. 4 in order to separate the microphone signal correlation matrix into
directive and presumed diffuse components.

Within the limits defined by the reverberation time, we assume that
late reverberation is correlated to early source image in previous frames,
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but uncorrelated to the early source image within the current frame.
Again, albeit not necessarily accurate, this assumption is commonly
made [61-70,83,132]. Along with the previous assumption, it is, e.g.,
employed in Ch. 4 in order to separate the microphone signal correlation
matrix into directive and presumed diffuse components.

o The early source image is assumed to be temporally uncorrelated across
frames. Note that with late reverberation being correlated to the early
source image in previous frames, this assumption in fact is a pre-requisite
to the previous assumption, namely that late reverberation is uncorrelated
to the early source image within the current frame. It is, e.g., further used
in the ISCLP state-space model in Ch. 3, where the early source image
takes the role of presumed temporally uncorrelated measurement noise.

Naturally, in realistic acoustic scenarios, the above assumptions are approx-
imately valid only. Nonetheless, as they result in a coarse but fairly simple
signal model, they serve as a practical and solid foundation for algorithmic
development and may be said to be an accepted standard in the state of the
art. Within the individual chapters of this thesis, the above assumptions are
treated in more detail and introduced in a formal manner.

1.5 Outline of the Thesis

The remainder of this thesis is organized in three parts and a conclusion.

Part I covers Ch. 2. In Ch. 2, we discuss the the comparative analysis of the
GSC and MCLP, which underlie the ISCLP architecture. Ch. 2 is based on the
publication

o T. Dietzen, A. Spriet, W. Tirry, S. Doclo, M. Moonen, and T. van
Waterschoot, “Comparative analysis of generalized sidelobe cancellation
and multi-channel linear prediction for speech dereverberation and noise
reduction,” IEEE/ACM Trans. Audio, Speech, Lang. Process., vol. 27,
no. 3, pp. 544-558, Mar. 2019.

Part II covers Ch. 3 and Ch. 4. In Ch. 3, we discuss the proposed ISCLP
Kalman filter, which integrates the GSC and MCLP architectures. In Ch. 4,
we discuss the proposed approach to mutli-source early PSD estimation and
RETF updating, which serves the target-parameter estimation in the ISCLP
Kalman filter. Ch. 3 and Ch. 4 are based on the respective submissions
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o T. Dietzen, S. Doclo, M. Moonen, and T. van Waterschoot, “Integrated
sidelobe cancellation and linear prediction Kalman filter for joint multi-
microphone dereverberation, interfering speech cancellation, and noise
reduction,” ESAT-STADIUS Tech. Rep. TR 19-70, KU Leuven, Belgium,
submitted for publication, June 2019.

e T. Dietzen, S. Doclo, M. Moonen, and T. van Waterschoot, “Square root-
based multi-source early PSD estimation and recursive RETF update in
reverberant environments by means of the orthogonal Procrustes problem,”
ESAT-STADIUS Tech. Rep. TR 19-69, KU Leuven, Belgium, submitted
for publication, June 2019.

Part IIT covers Ch. 5. In Ch. 5, complexity reduction of the ISCLP Kalman
filter is discussed.

In Ch. 6, the thesis is concluded by a summary, suggestions for future research
and a discussion on industrial valorization.
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Abstract

For blind speech dereverberation, two frameworks are commonly used: on the
one hand, the multi-channel linear prediction (MCLP) framework, and on the
other hand, data-dependent beamforming, e.g., the generalized sidelobe canceler
(GSC) framework. The MCLP framework is designed to perform deconvolution
and hence has gained increased prominence in blind speech dereverberation. The
GSC framework is commonly used for noise reduction, but may be applied for
dereverberation as well. In previous work we have shown that for the noiseless
case, MCLP and the GSC yield in theory mathematically equivalent results
in terms of dereverberation. In this paper, we assume additional coherent- as
well as incoherent-noise components and formally analyze and compare both
frameworks in terms of dereverberation and noise reduction performance. Both
the theoretical analysis and time domain simulation results demonstrate that
unlike the GSC, MCLP expectably shows limited performance in terms of
noise reduction, while both perform equally well in terms of dereverberation,
provided that the GSC blocking matrix achieves complete blocking of the early
reverberant-speech component and sufficiently many microphones are available.
In case of incomplete blocking, however, the GSC performs inferior to MCLP
in terms of dereverberation, as shown in short-time Fourier transform (STFT)
domain simulations.

Index terms — Multi-channel linear prediction, data-dependent beamforming,
dereverberation, noise reduction.

2.1 Introduction

It is well known that reverberation, caused by reflections against room
boundaries and objects, and background noise may have a deteriorating effect
on the quality and intelligibility of a speech signal recorded by a microphone [15].
Speech dereverberation accompanied by noise reduction is therefore needed
in many applications ranging from hands-free mobile telephony to distant
automatic speech recognition.

Dereverberation approaches based on multiple microphones take advantage of
spatial diversity and, according to the multiple input/output inverse theorem
(MINT) [71], theoretically allow complete inversion of the (presumed time-
invariant) room impulse responses (RIRs) between the speech source and the
microphone array, provided that the corresponding transfer functions do not
share common zeros. In practical applications however, the RIRs are unknown
— and since MINT is very sensitive to RIR estimation errors [73], which are
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Figure 2.1: The MCLP framework employing the prediction delay 0 in the
data-dependent filter path.

unavoidable in practice, especially in noisy environments [142,143], explicit
inversion is not favorable. In recent years instead, assuming no or limited prior
knowledge on the RIRs, multi-channel linear prediction (MCLP) [88, 89,91,
93-96,99,100,102,111,116], beamforming [81,82,85,87,108,110, 155,156] and
combinations thereof [112,113,157] have been most commonly and successfully
used for (blind) speech dereverberation, while partly including noise reduction
[85,87,110,112,113,116,157]. In the following, we briefly review these approaches.

The MCLP framework is designed to perform deconvolution, and is hence
suited for dereverberation, while noise reduction is not targeted. It operates
blindly on the microphone signals, i.e. does not require any prior knowledge
on the RIRs. A block diagram of MCLP is shown in Fig. 2.1. The framework
relies on the premise that the reverberant component to be canceled can be
modeled as a filtered version of the delayed microphone signals, i.e. as a linear
prediction component. The prediction delay is a design parameter defining
the number of early reflections to be maintained. The sole task in MCLP
therefore consists in estimating the multi-channel prediction filter from the
microphone signals. When the prediction filter is of sufficient order, MCLP is
theoretically able to completely equalize the RIRs [89]. Nowadays, MCLP is
commonly implemented in frequency sub-bands using the short-time Fourier
transform (STFT) [91,93-96,99,100,102,111-113,116,157]. Incorporating the
power spectral density (PSD) of the speech-source signal in the cost function
has been shown to be beneficial, as, e.g., in the weighted prediction error (WPE)
method [94, 95], where the speech-source signal is modeled as time-varying
Gaussian [91,93-95] or using sparse priors [96]. Adaptive approaches based
on recursive least squares [100,111] and the Kalman filter [99,102,116,157]
have been proposed. In [116], given noisy microphone signals, the reverberant-
speech component and the prediction-filter coefficients are estimated in an
alternating fashion. To reduce noise after dereverberation, it has been proposed
to cascade MCLP with minimum-variance distortionless response (MVDR)
beamforming [112], [113], which became a popular approach in the recent
CHIiME-5 challenge [49]. Beamforming is designed to perform spatial filtering,
and is hence commonly used for noise reduction, but may also be applied
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Figure 2.2: The GSC framework employing the blocking matrix B in the
data-dependent filter path.

for dereverberation [31]. One can distinguish between data-independent (e.g.,
superdirective) beamforming and data-dependent (e.g., MVDR) beamforming.
Although beamforming traditionally does not target channel inversion, it may be
considered equivalent to MINT if the (presumably known) RIRs are incorporated
in the filter design [81]. The so-called MINTFormer [108] provides a trade-off
between the performance of MINT and the robustness of beamforming. In [110],
a MINT-based multi-channel Wiener filter for joint dereverberation and noise
reduction has been proposed. The analysis in [82] shows that for MVDR
beamforming incorporating known RIRs, an inherent performance trade-off
exists between dereverberation and noise reduction in case of incoherent as
well as mixed coherent- and incoherent-noise fields. In this work, we are
mainly concerned with the generalized sidelobe canceller (GSC) [32, 158],
an implementation of the minimum-power distortionless response (MPDR)
beamformer and widely employed in noise reduction. Fig. 2.2 depicts a block
diagram of the GSC, which consists of three components: a filter-and-sum
beamformer (FSB) steering a beam into the target direction, a blocking matrix
blocking the speech component, and a data-dependent filter minimizing the
output power and thereby suppressing residual noise components. The ability to
block the speech component is essential to the GSC, as speech leakage through
the blocking matrix may lead to partial speech cancellation. Employing the
GSC for dereverberation, the blocking matrix should block the early (but not
the late) reverberant-speech component. In [85] therefore a blocking matrix is
used incorporating the relative early transfer functions (RETFS) of the speech
source in order to jointly perform dereverberation and noise reduction. In the
nested GSC [87], an inner GSC is employed for dereverberation and an outer
GSC for noise reduction. In [157], we have proposed to integrate the GSC and
MCLP in a parallel manner, and compared to the corresponding MCLP-GSC
cascade, cf. also [112,113].

A comparison of the block diagrams in Fig. 2.1 and 2.2 readily reveals the major
difference between the two frameworks, which is due to their different objective.
Where MCLP — designed for deconvolution — applies a simple delay to the
microphone signals in the data-dependent filter path, the GSC instead — designed
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for spatial filtering — applies a blocking matrix. On the one hand, regarding
dereverberation, the need for a blocking matrix is certainly a drawback of the
GSC as compared to MCLP, as its design requires prior knowledge. On the other
hand, regarding noise reduction, the blocking matrix distinguishes the speech
source from potential localized noise sources, which is not possible in MCLP. For
the noiseless dereverberation task, we have shown in [156] that the MCLP and
GSC framework theoretically lead to the mathematically equivalent results for
stationary source signals. In practice, additional noise may always be present.
In this paper therefore, using pre-whitened least squares (LS) filter estimates, we
formally analyze and compare the behavior of both frameworks in case of noise,
both in terms of dereverberation and noise reduction. The main intention is
to provide a better understanding of the theoretical performance limitations of
both frameworks depending on a number of boundary conditions, such as noise
levels, filter length and number of microphones, which cannot be done by naive
comparison. In our theoretical analysis, we assume complete blocking of the early
reverberant-speech component in the GSC blocking matrix, which requires prior
knowledge of the early part of the speech-source RIRs or the RETFs. We derive
that if the number of microphones is sufficiently large, the GSC theoretically
achieves complete coherent-noise cancellation if incoherent noise is absent,
while MCLP cancels the late coherent-noise components only, as expected
by design. Further, in case of complete blocking, the GSC performs equally
well as MCLP in terms of dereverberation; theoretically achieving complete
reverberation cancellation if incoherent noise is absent. These theoretical findings
are confirmed by time domain simulations. In addition, in case of incomplete
blocking, based on STFT domain simulations using estimated RETFs, we show
that the GSC instead performs inferior to MCLP in terms of dereverberation.

In Sec. 2.2, the signal model for both frameworks is presented. In Sec. 2.3, the
filter estimation is discussed. Sec. 2.4 and 2.5 proceed with the performance
analysis of the MCLP and the GSC framework, respectively. A comparative
summary of the two frameworks is presented in Sec. 2.6, followed by simulation
results in Sec. 2.7.

2.2 Signal Model

In this section, we define the signal model for both MCLP and the GSC.
For simplicity, we employ the same notation for those signals and filters that
correspond in both frameworks, cf. Fig. 2.1 and 2.2. As outlined before, the
major difference between both consists in the use of a prediction delay ¢ in
MCLP (cf. Fig. 2.1) and a blocking matrix B in the GSC (cf. Fig. 2.2) in the
data-dependent filter path. In addition, the GSC speech reference is typically
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created by applying an FSB, whereas in MCLP a particular microphone signal
is traditionally selected [88,89,91,93-96,99,100,102,111-113]. Both cases
are covered generically by the filter g (cf. Fig. 2.1 and 2.2). The signal
model equivalently applies in the time domain and the STFT domain, where
[ respectively denotes the time or frame index. In case of the STFT domain,
throughout the paper, the frequency sub-band index is omitted as we treat all
frequency sub-bands independently. Subsequently, vectors are denoted by lower-
case boldface letters, matrices by upper-case boldface letters, I¥*% and 0%t * L2
denote identity and zero matrices with the (optional) superscript indicating their
dimensions, A*, A", A7 A” and E[A] denote the complex conjugate, the
transpose, the complex conjugate transpose, the pseudoinverse and the expected
value of a matrix A, Blkdiag [Al, o A N] constructs a block-diagonal matrix
from its arguments, and Tplz [a, L] creates a Toeplitz matrix of L columns with

the first column defined by the vector (aT le(L’l))T.

The acoustic scenario is presented in Sec. 2.2.1, while in Sec. 2.2.2 the speech
reference signal and its individual components are defined. In Sec. 2.2.3 and
Sec. 2.2.4, the data-dependent filter input signal is discussed for MCLP and
the GSC, respectively. In Sec. 2.2.5, the filter output and the enhanced signal
are generically defined.

2.2.1 Acoustic Scenario

We assume an acoustic scenario comprising one speech source emitting the signal
s1(l), and N — 1 localized noise sources emitting the signals s, (1), n =2... N,
in a reverberant environment with A/ microphones. The m" microphone signal
ym (1), m =1... M, consists of the reverberant-speech component, reverberant-
noise components, referred to as coherent-noise components hereafter, as well
as an incoherent-noise component (originating from spatially uncorrelated noise,
e.g., sensor noise), i.e.

N 1
yn) = D i ()sn(l=1) + v (D), (2.1)

Ly—
1'=0

Tnm(l)

with A, (1) denoting the time-invariant (sub-band) RIR between the n*® source
and the m'" microphone of length L; (neglecting the dead time common to all
RIRs), I’ the tap index, @, ,»({) the reverberant components (reverberant-speech
and coherent-noise components), and v,,(l) the incoherent-noise component.
Note that in the STFT case, the sub-band convolution model in (2.1) poses an
approximation of the time-domain convolution [117], where the sub-band RIR
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length Ly is roughly Rgppr times smaller than the corresponding time domain
RIR length, with Ry denoting the hop size in the STFT analysis [117]. We
define the stacked multi-microphone vector y(l) € CMLv,

) = (yi0) - yi0) - (22)

Yl = (um®) - puli—L,+D) (23

with L, the number of samples/frames per microphone. With x,, (1) and v({)
defined in a similar manner as in (2.2), we obtain

y() = 3 xul) +v(1) = x(1) + v(0). (2.4)

With the blockwise Toeplitz matrix H € CNLs*MLy and the stacked source-
signal vector s(I) € CNEs defined by

Hi; --- H um H,
H = : | 1, (2.5)
Hy1 - Hywm Hy
H,, = Tplz [(hn,m(()) o+ hpm(Ln — 1))T, Ly] ; (2.6)
s(l) = (sf(Z) s]Tv(l))T, (2.7)
Su(l) = (5a(1) -+ su(1-L.+1)) (2.8)
Ly=1Ln+L,—1, (2.9)

the vector x(I) can then be written as

N
x(l) = > His,(l) = H"s(l). (2.10)
n=1

We assume s,, (1) and v(I) to be mutually uncorrelated, i.e. with the correlation
matrices ¥, (1) = E[s,(I)sf(l)] and ¥,(I) equivalently, using (2.4), (2.7),
(2.10), we find

@, (1) = Blkdiag [@51(1), IR (2.11)
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W, (1) = H' W, ()H, (2.12)
T, (1) = T (1) + (1) (2.13)

The matrices ¥, (I) are assumed to be invertible, such that W l(I) =
Blkdiag {';[l;}(l), o \Il;}lV (1)} Note that in the STFT domain, it is commonly

assumed that E[s;(I)s(l—1")] =0 for ' # 0 if the STFT hop size is sufficiently
large, i.e. ¥, (I) becomes a diagonal matrix. Similar assumptions could be
made for other source signals, but are not required in our analysis.

2.2.2 Speech Reference Signal

With the filter g € CMZv, we define the speech reference signal ¢(I) for both
frameworks as

q(l) =g"y(l)

N
=D (Hug)"sa(l) +g"v(D), (2.14)
—_ e ==
ds, (l) Q'U(l)

where ¢, (1) and ¢, (1) denote the individual source components of ¢(1). Defining
the parameter d < Lj, as the boundary between early and late reverberation,
the reverberant-speech and coherent-noise components g, (1) may further be
decomposed into early and late components g, (1) and gs,,¢(1), i.e.

gs, (1) = (C-H,8)"s,(I) + (C/H,g)"sn (1), (2.15)
s, 1e(l) s, 1e(1)

with C, € CF+*%s and its complement C, defined as

1dxd de(LSfd)

C.= , (2.16)
0La—d)xd ((La—d)x(L.—d)

C, =1l _C,. (2.17)

For later derivations throughout Sec. 2.4 and Sec. 2.5, we note that g, ¢(I) in
(2.15) may alternatively be expressed as

qsnli(l) = (Cd\ZHng)Hsn(l_d)a (218)
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where Cygjp is derived from Cy by shifting d rows upwards , i.e.

0(Ls—d)xd [(Ls—d)x(L.—d)

Cap = (2.19)

0dxd OdX(Lsfd)

Based on the above definitions, the (sub-band) impulse response (IR) relating
sn(l) and gs, (1) is graphically represented in Fig. 2.3. The parameter d can be
controlled by design choices in the MCLP and the GSC framework, as shown in
Sec. 2.2.3 and Sec. 2.2.4, respectively.

We now define the early reverberant-speech component g, (/) as the target
component to be maintained, and the remaining late reverberant-speech
component plus all noise components g, ,() + 22;2 gs, (1) + qu(1) as the
component to be canceled. Note that in a different acoustic scenario, e.g., with
N speech sources instead of one speech source plus N — 1 noise sources, the
target component could be defined differently, e.g., by 25:1 qs,e(l)-

2.2.3 MCLP Filter Input

In the MCLP framework, the filter input signal u(l) € CMEv is a delayed
version of the microphone signals y(I). The prediction delay ¢ is chosen as
6=d,ie.

a(l) = y(i—d)

= H"s(l—d) + v(I—d). (2.20)

Hence, the length L, in (2.9) equals the length L., of a single filter channel of
the data-dependent filter w, i.e.

Ly = Ly. (2.21)

With (2.9), (2.21), we determine that H € CNLs*MLy g a fat matrix if the
MCLP filter length L., satisfies the condition

Ls Na—1)

—_ 2.22
> =, (222

which obviously requires M > N microphones. If L,, is chosen according to
(2.22) and the (sub-band) RIRs meet the MINT requirements (i.e. no common
zeros), which is commonly assumed [71,89], then the system is invertible and
H has full row rank [71]. As it is crucial for our derivations in Sec. 2.4.2, full
row rank of H is assumed in the remainder. Since our simulation results in Sec.
2.7 support our theoretical conclusions in Sec. 2.4, we consider this assumption
to be reasonable.
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Figure 2.3: Schematic of the (sub-band) IR relating s, (1) and ¢, (I), separated
in early part C.H, g [—] applied to s, (I) and late part Cy,H,g [---*-] applied

to s, (I —d).
2.2.4 GSC Filter Input
In the GSC framework, the filter input signal u(l) € C™~DLw is constructed

by applying a blocking matrix B € CMLy*(M=1)Lw t5 the microphone signal,
ie.

u(l) =B"y(l)

= (HB)"s(l) + B*v(l), (2.23)

where L., again describes the length of a single filter channel of the filter w. Eq.
(2.23) is the GSC counterpart to (2.20) for MCLP. We intend to completely
block the component in x;(I) = Hi's1 () depending on the early part of H;. A
matrix B satisfying! this condition may be defined in the following manner,

“Hya. - —Hj .
B = v e (2.24)
Blkdlag [H1,1|ev ey H171|9:|
T
Hl,m\e = Tplz [(hLm(O) hl,m(Lb — 1)) s Lw} s (225)

where L;, denotes the length of the blocking filters, such that in the GSC, we
find for L, in (2.9),

Ly=Ly+ Ly, — 1. (2.26)

The definition in (2.24)—(2.25) ensures that all components corresponding to
the first d > Ly, taps of the speech-source (sub-band) RIRs hq ,,(I') are nullified,
where the case d > Ly, occurs if the first L, taps of hq,,(I’) are succeeded by

I Many definitions of B achieving complete blocking exist. In the STFT domain, for
Ly, = 1, the blocking matrix may also be defined using RETFs [85]. If the target component
is instead defined as 25:1 s, |e(l) as in the different acoustic scenario mentioned in Sec.
2.2.2, then also the definition of B needs to change accordingly.
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one or more zeros. The product HB takes the form

04X (M—=1)Ly,
HB = , (2.27)

Hp

where, using (2.9), (2.26), Hg € CNEs=dxX(M=DLu ig 5 fat matrix if the GSC
filter length L., satisfies the condition

L, s Nn—2)+ (V- 1)d
- M-N-1

(2.28)

which obviously requires M > N + 1 microphones. If L,, is chosen according
to (2.28) and the M — 1 (sub-band) impulse responses in HB meet the MINT
requirements, i.e. the nullity of (HB)” does not exceed d, then Hp has full
row rank according to the rank-nullity theorem [159]. As it is crucial for our
derivations in Sec. 2.5.2.1, full row rank of Hp is assumed in the remainder.
Since our simulation results in Sec. 2.7 support our theoretical conclusions in
Sec. 2.5, we consider this assumption to be reasonable. Comparing L,, for
the GSC and MCLP in (2.28) and (2.22), respectively, we find that the GSC
requires longer filters. Note however that the GSC employs one filter channel
less.

2.2.5 Enhanced signal

For both frameworks, the filter output signal z(I) and the enhanced signal (1)
are given by

(1) = whu(l), (2.29)

e(l) =q() — =(1), (2.30)

with u(l) given by (2.20) in MCLP or (2.23) in the GSC. For MCLP, z(I) is
the linear prediction of ¢(1), and e(l) accordingly the linear prediction residual.
The estimation of the filter w is discussed in Sec. 2.3.

2.3 Filter Estimation

We now present the pre-whitened LS estimate of w in Sec. 2.3.1 and discuss the
choice of the pre-whitening matrix in Sec. 2.3.2. In Sec. 2.3.3, we present the
corresponding Wiener solution, which is then used in the theoretical analysis in
the subsequent Sec. 2.4 and Sec. 2.5.
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2.3.1 Pre-whitened LS

Withl=0...Lops—1 and Lops denoting the number of observations used in the
filter estimation, let q € C'*%es and U € CMEw*Los denote correspondingly

stacked versions of ¢(I) and u(l), i.e.

(q(O) “++ q(Lobs— 1)) ; (2.31)

a

U= (u(0) - u(los—1)), (2.32)

and let Y, S, S,,, and V be defined equivalently to U in (2.32). Further,
let Q% € CLew*Las denote some pre-whitening matrix with Q = Q"/?Q"?
to be defined explicitly in Sec. 2.3.2. Let U and q denote correspondingly
pre-whitened versions of U and q, i.e. N

a=a2" = (4(0) -+ q(Low—1) - (233)

U=U2 "= (a(0) - (Low—1)) (2.34)

and let Y, S, S, , and V as well as their respective column vectors y(1), §(1),
§n(1), and v(I) be defined equivalently to (2.34). Based on these definitions, the
pre-whitened data ¢(I) and @(l) may be expressed equivalently to ¢(I) in (2.14)
and u(l) in (2.20), (2.23), where y(1), §(1), and v(l) replace y(1), s(1), and v(1),
respectively. Based on (2.29)—(2.30), (2.33)—(2.34), we generically define the LS
cost function,

~ =12
fis(w) = [|a — w"U,, (2.35)
S —
e=(2(0) -+ alLon—1))
leading to the the LS filter estimate W,
Wi = arg m“i,n frs (W)
=(UU") Ug
= (ue'u)'uelq”. (2.36)

Note that with (2.33)—(2.34), W,s in (2.36) may alternatively be written as

Lops—1 "% Lops—1
w=< ﬁ(l)ﬁH(l)) > a0 (2337)
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2.3.2 Choice of pre-whitening matrix

Despite the prediction delay in MCLP and the blocking matrix in the GSC, due
to the coloration of s1(l), we generally have E[u(l)q;, ()] # 0, cf. ¢} () in
(2.15) and u(l) in (2.20) and (2.23)—(2.25), respectively. Hence, the estimator
in (2.36)—(2.37) is biased for the case £ = I. In order to mitigate an estimation
bias, we may use the pre-whitening matrix 2~ 2 In particular, for the two cases
€ € {4, e, 81} With qg,)c and s, defined equivalently to (2.31), an unbiased
estimate is achieved if

Q=1 (2.38)

where ¥, = E[g”g]. Eq. (2.36) then corresponds to the generalized LS
estimator of w for the data model q = w”U + g, where g resembles the
observation noise with E[Ue”| # 0 but E[U¥_'e”] = 0.

In the time domain, que and W, are generally non-diagonal. The choice
Q = W, here corresponds to the pre-whitening paradigms proposed in [88]
for MCLP and [155] for the GSC. In Sec. 2.7.2.1, we present time domain
simulations for both the unbiased and the biased case with € = 1.

In the STFT domain, gqme may be modeled as a matrix with 2d — 1 non-
zero diagonals and W,, may be modeled as a fully diagonal matrix, cf. Sec.
2.2.1, where the [*" diagonal element of W, corresponds to the PSD 1, (1) =
E[|s1(1)]?]. In this case, with (2.31)—(2.32), W, in (2.36) may therefore be
written as

o (e RS w0 )
W = —r 7 — 2.39
( 2w ) X (3:39)
i.e. each frame ¢(I) and u(l) is weighted by the inverse of v, (1), which, in
case of MCLP, corresponds to the WPE criterion [94,95]. Note that g, (1)
varies over time for non-stationary source signals. In Sec. 2.7.2.2, we present
STFT-domain simulations for d = 1 and Q = que o W, . Herein, prior to
estimating w according to (2.36), the PSDs ¢y (/) on the diagonal of ¥,
are estimated per frame [ as proposed in [65,157]. To this end, it is assumed
that the spatial coherence matrix of the late reverberant component may be
modeled as diffuse, which allows to obtain the PSD estimates by means of the
generalized eigenvalue decomposition (GEVD) of the spatial correlation matrix
of the microphone signals and the diffuse coherence matrix, cf. Sec. 2.7.1.3.

Note that in the different acoustic scenario mentioned in Sec. 2.2.2 with
the target component defined as Zgﬂ qs,e(1) instead of g, c(1), in order to
achieve an unbiased filter estimate, one has to change € accordingly, e.g., using

€= ij:l Qs,|e in (238)
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2.3.3 Convergence to Wiener filter solution

For the purpose of the analysis in Sec. 2.4 and Sec. 2.5, we assume wide-sense
stationarity for the pre-whitened signals t1(l) and (1), i.e. their statistics are
independent of I. Then, for L,ps — 00, the estimate Ws in (2.37) converges to
the Wiener filter solution Wy,

Wy = WP (2.40)

g
with W5 = E[a(l)a”(1)] and v, = E[a(l)¢*(I)]. Here, the inverse in (2.37) is
replaced by the pseudoinverse, as in the GSC, ¥; becomes rank-deficient in
absence of incoherent noise and in case of complete blocking, i.e. if (2.27) holds,
cf. Sec. 2.5.2.1 and Appendix A.1.1.

2.4 MCLP Analysis

For w = Wy, we now derive the MCLP filter output signal z(I) in Sec. 2.4.1 and
then derive and discuss the enhanced signal e(l) under different noise conditions
in Sec. 2.4.2.

2.4.1 MCLP Filter Output

Using (2.14), (2.20), and noting that E[y(I—d)y”(I—d)] = E[y())y"(1)], the
terms Wy and 1, in (2.40) become

U, =V, (2.41)
Yag = ¥5a8, (2.42)
U0 =E[y(l—d)y"(1)]. (2.43)

Inserting (2.20) in (2.29) and substituting w by Wy, in (2.40), we obtain for
the filter output signal,

2(1) = (P ¥g48)"y(l—d). (2.44)

Let the shifted correlation matrices W3 |4, W54, and Wj)4 be defined equivalently
to Wy 4 in (2.43), with relations equivalent to (2.11)-(2.13). We now introduce
the following relation between W; 4 and W3, , which is used in the subsequent
derivations in Sec. 2.4.2. For this, note that we can interpret ¥; 4 and W3,

n

as different submatrices of a larger correlation matrix, as shown in Fig. 2.4.
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Figure 2.4: Schematic of the correlation matrices W3, and ¥; |4 as different
submatrices of a larger correlation matrix.

The submatrix defining Wy |4 is shifted left by d columns as compared to the
submatrix defining ¥; . Noting that the autocorrelation width of 5, (1) is
typically much smaller than L in both the time and STFT domain, we assume
that the autocorrelation of §, (1) is zero for lags greater than L, —d, where
Li—d>M/Mm-N(Lp—1)—dand d < Ly, cf. (2.9), (2.21)—(2.22). Using (2.16),
(2.19), we then express ¥; |4 in terms of W5 by

lI’smlal = ‘I’Encd\e + Cd|€‘I’§n C.. (2.45)

The product 3, Cgy|, shifts the elements in W5 right by d columns. The
product Cg,¥s, C. replaces the resulting zero columns by the first d columns
of ¥, shifted up by d rows.

2.4.2 MCLP Enhancement

We now analyze the behavior of MCLP considering two scenarios: absence and
presence of incoherent noise.

2.4.2.1 Absence of Incoherent Noise

The absence of incoherent noise corresponds to v(I) = 0, i.e. y(I) = x(I). In
this case, using (2.10) and relations equivalent to (2.11)—(2.13), the individual
terms in (2.44) are equal to y(I —d) = H”s(l —d), ¥53 = H"W:;H, and ¥y, =
H”W; ,;H. Inserting these in (2.44) and noting that H” = H” (HH")™! and
hence HH” = I since H is assumed to have full row rank yields

2(1) = (U5, He)"s(1— d), (2.46)
which, using (2.11), (2.45), (2.14)—(2.15), may be written as

N

(1) = D (Gonpe®) + Ffjusall =) (2.47)
n=1

with 19n|d =v Cd|Z‘I’§nCeHTLg' (248)

-1
Sn
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As apparent from (2.47)—(2.48), all reverberant source components are treated
mutually independently and equally. This holds as long as (2.22) is satisfied
and H has full row rank. Inserting (2.47) into (2.30) yields the MCLP output
signal,

N
o) = - (safell) = Olasalt—a) ). (2.49)

From (2.49), we observe that e(l) equals the sum of the early components
qs,|e(l) and a (potential) bias term —195‘dsn(l—d) per source, with 9,4 € CrLs
and Ly = Lp + L, — 1 according to (2.9), (2.26). Therefore, as only the
late components g, ¢(/) are canceled, the MCLP framework suits best in the
different acoustic scenario mentioned in Sec. 2.2.2 with the target component
defined as ZnNzl qs,|e(l) instead of g, |c(l). Combining (2.15) and (2.18), we
can compare the individual components e, (1) in (2.49) to

qs,, (Z) = qsnle(l) + (CdMHng)Hsn(l _d)v (250)

i.e. the bias term replaces the late component g, ¢(l) = (Cg/H,g)"sn(l —d).
Similarly as for the (sub-band) IR H, g relating s, (!) and gs, (I) in Fig. 2.3,
we visualize the (sub-band) IR relating s, (1) and e, (1), composed of the early
part C.H, g and the bias part —4,,|4, in Fig. 2.5. In the following we interpret
the bias term in more detail, which has also partly been done in our previous
work [156]. Firstly, from C.H,g in (2.48), we observe that the bias term
fﬁff‘dsn(l —d) depends on the first d taps of H, g only, i.e. on its early part, but
not its late part. Secondly, we note that 9,4 depends on the correlation matrix
W of the pre-whitened version §,,(l) of s,(l), cf. Sec. 2.3.1. We can hence
argue that for @ = ¥, as defined in (2.38), with g, |c(!) = (CcHig)"s1 (1), cf.
(2.15), the coloration of the pre-whitened speech-source signal 81 (1) is inverse to
the filter C.H;g, such that only the first element of the vector ¥; C.H1g is
non-zero. Similarly, we can argue that for Q = W, , the matrix ¥; becomes
diagonal, such that only the first d elements of ¥;, C.H;g are non-zero. In
both cases, with Cy, as in (2.19), we find Cg4),¥3, C.H1g = 0, and therefore
¥11q = 0 in (2.48) and finally e, (I) = gs,|(l) in (2.49). Hence, the estimator is
indeed unbiased for @ € {¥ W, }, as anticipated in Sec. 2.3.

Qsqle?

Note that the remaining early components may still be biased, i.e. 9,4 # 0
for n # 1. In general, for @ = I, the term 9,,;8,(l —d) in (2.49) represents
a (delayed) linear prediction component of g |.(I), i.e. the output signal
component e, (I) may be understood as a (partially) whitened version of
qs,|e(l). This effect is also known as excessive whitening [89].
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Figure 2.5: Schematic of the (sub-band) IR relating s,(I) and e, (1), separated
in early part C.H,g [—]| applied to s, (l) and bias part —,q [-==* | applied

to s, (I —d).

2.4.2.2 Presence of Incoherent Noise

If additional incoherent noise v(l) # 0 is present, the pseudoinverse of the
sum ¥; = W; + W5 in the filter WI Wy g in (2.44) cannot be decomposed
into its individual components, such that further simplification of (2.44) is not
possible. In this more general case, MCLP cancels the linear prediction of
the sum of g”x(l) and g”v(l). Noting that the incoherent noise acts as M
additional independent sources, we find that the condition (2.22) for complete
linear prediction in the MCLP framework, where M is required to exceed the
number of independent sources IV, cannot be fulfilled, resulting in decreased
performance.

2.5 GSC Analysis

Similarly to Sec. 2.4, for w = W, we now derive the GSC filter output signal
z(l) in Sec. 2.5.1 and then derive and discuss the enhanced signal e(l) under
different noise conditions in Sec. 2.5.2.

2.5.1 GSC Filter Output

Following a derivation similar to Sec. 2.4.1, using (2.14) and (2.23), ¥; and

ag in (2.40) can be written as

W, = BB, (2.51)
Vs =B (2.52)
Inserting (2.23) in (2.29) and substituting w by Wy, in (2.40), we obtain for

the filter output signal,

H

z(l) = (B(B"¥;B)"B"¥;2)"y(1). (2.53)
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2.5.2 GSC Enhancement

Similarly to Sec. 2.4.2, we now analyze the behavior of the GSC, again
considering two scenarios: absence and presence of incoherent noise.

2.5.2.1 Absence of Incoherent Noise

For the case v(I) =0, i.e. y(I) = x(I), using (2.10) and relations equivalent to
(2.11)—(2.13), the individual terms in (2.53) are equal to y(I) = H"s(l) and
P, = H"¥;H. Inserting in (2.53) yields

() = (HB((HB)H\IlgHB)P(HB)H\IlgHg>Hs(l). (2.54)

In Appendix A.1.1, assuming complete blocking such that (2.27) holds, it is
shown that (2.54) can be reformulated as

N
2(1) = goyje(D) + Ofgsi (=) + D a5, (1), (2.55)
n=2
with '191|d = (Cd‘g‘I’glCdMH)PCdM‘I’glCeng. (2.56)

Inserting (2.55) into (2.30) yields the GSC output signal,

6([) = QSl\e(l) - ﬂﬁdsl(l_d)~ (257)

Eqgs. (2.55)—(2.57) form the GSC counterpart to (2.47)—(2.49) for MCLP. From
(2.57), we observe that e(l) consists of two terms: the target component s, c(l)
and a bias term —7);81 (! —d). This implies that not only the late reverberant-
speech component, but also the coherent-noise components are completely
canceled in the GSC, which is in contrast to MCLP, where only the late, but not
the early coherent-noise components could be canceled. In Appendix A.1.2, it is
shown that 19| in (2.56) for the GSC is indeed equal to ¥4 in (2.48) for MCLP.
Hence, the discussion on the bias term in MCLP in Sec. 2.4.2.1 similarly applies
to the GSC, implying that for @ € {¥,  , ¥, } in (2.36), we find 913 =0
and e(l) = ¢s,|e(l), i.e. we achieve complete and unbiased cancellation. Note
that if the target component was defined as 22;1 qs,|e(l) instead of g, |(I) as
in the different acoustic scenario mentioned in Sec. 2.2.2 and B was changed
accordingly, for the same 2, the GSC would yield the same result as MCLP.
Also note that the above conclusions hold for complete blocking, i.e. if (2.27)
is satisfied. For incomplete blocking, partial speech cancellation may appear. In
Sec. 2.7, we simulate both cases.
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2.5.2.2 Presence of Incoherent Noise

Similarly to the MCLP framework, if additional incoherent noise v(l) # 0 is
present, a simplification of (2.53) is not possible. We may therefore apply
the same reasoning as in Sec. 2.4.2.2. Noting that the incoherent noise acts
as M additional independent noise sources, we find that the condition for
complete cancellation in the GSC framework (2.28), where M — 1 is required
to exceed the number of independent sources IV, cannot be fulfilled, resulting
in decreased performance. These conclusions are compliant with the analysis
in [82], which demonstrates that in MVDR beamforming, there is an inherent
trade-off between dereverberation and noise reduction for incoherent and mixed-
coherent-plus-incoherent noise fields.

2.6 Comparative Summary

Table 2.1 summarizes the theoretical findings from Sec. 2.4 and Sec. 2.5. For a
given pre-whitening matrix QY ?  MCLP does not further distinguish between
the speech source and the localized noise sources, while the GSC does so by
means of the spatial pre-processing in the blocking matrix. MCLP hence treats
all source components g, (1) the same, suppressing the late components g5, |¢(1),
but none of the early components ¢, o(/). By contrast, the GSC suppresses all
coherent-noise components gs, (I) on the one hand, and the late reverberant-
speech component gy, |¢(I) on the other hand, provided that the blocking matrix
B achieves complete blocking of the early reverberant-speech component. In
both frameworks, an unbiased speech component with 9,4 = 0 may be obtained
by pre-whitening ¢(I) and u(l) accordingly. The presence of incoherent noise
decreases the performance.

The spatial pre-processing of the GSC naturally comes at a cost. The blocking
matrix requires spatial information, which needs to be acquired in practice.
Further, as to be demonstrated in simulations, cf. Sec. 2.7.2, in case of
incomplete blocking, the GSC performs inferior in terms of dereverberation as
compared to MCLP. Compared to MCLP, the minimum number of required
microphones is increased by one, as the blocking matrix creates M — 1
independent output signals only from M input signals. In the GSC, the number
of filter channels is accordingly decreased by one, where a higher filter length
L., is required per channel.



Table 2.1: Comparative summary of the MCLP framework versus the GSC framework.

Property

MCLP framework

GSC framework

spatial knowledge

not required

required in B, cf. (2.24)—(2.25)

filter input signal u(l)=y(l—-d) u(l) = By ()
filter length required for
N(Lp -1 N(Lp —2 N —1)d
complete! cancellation Ly > ﬁ, requires M > N Ly > ( hM J;\;E 1 ) , requires M > N + 1

output signal®

e(l) =Y qunie(l) = 0Ll gsn(l—d)

e(l) = q31|0(l) - 19{Ildsl(l _d)

'Tf incoherent noise absent (reduced performance otherwise).

8y
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2.7 Simulations

In this section, we present simulation results comparing MCLP and the GSC
in terms of dereverberation and noise reduction performance. The simulation
setup is described in 2.7.1, and the results are discussed in 2.7.2.

2.7.1 Simulation Setup

In order to confirm the theory in Sec. 2.4 to Sec. 2.5 and to further assess
the practical relevance we respectively perform simulations for time domain
and STFT domain implementations. The reasons for this are as follows: in
the time domain, using oracle knowledge on the early RIRs, complete blocking
can be simulated for the GSC, cf. Sec. 2.7.1.3. Further, unweighted global
power-ratio measures can be well defined and evaluated, cf. Sec. 2.7.1.4.
Therefore, in order to confirm the theory, we perform simulations on the time
domain implementation, employing an ideal blocking matrix in the GSC yielding
complete blocking, and evaluate the performance using unweighted global power-
ratio measures. In the STFT domain, complete blocking cannot be simulated,
since the sub-band convolution model in (2.1) poses an approximation of the
time-domain convolution only [117]. Instead of using oracle knowledge in
the blocking matrix, we estimate the RETFs from the microphone signals,
such that the GSC performance also depends on the estimation quality of the
RETFs, cf. Sec. 2.7.1.3. As, due to incomplete blocking, power-ratio measures
equivalent to those used in the time domain cannot be well defined, and as
unweighted global power-ratio measures are further known to relate comparably
poorly to the perceived speech quality, we instead use perceptually motivated
freqeuncy-weighted segmental power-ratio measures [160]. Therefore, in order
to address the practical relevance, we perform simulations on the STFT domain
implementation, employing an estimated blocking matrix in the GSC yielding
incomplete blocking, and evaluate the performance using weighted segmental
power-ratio measures.

2.7.1.1 Acoustic Scenario

Multi-channel RIRs are generated using the randomized image method [161]
at a sampling frequency of 16 kHz, with the image sources randomly displaced
within a sphere of 8 cm. A fractional delay low-pass filter with a relative cut-off
frequency of 0.9 and a length of 11 taps is applied, such that the energy of
each acoustic wave, i.e. of the direct component and each reflection, is spread
over 11 samples. The room dimensions are 5x4x3m, the reverberation time
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is 0.5s. The room impulse responses are truncated after 8000 taps. A linear
array of 8 microphones with inter-microphone distances of (4, 4, 4, 8, 4, 4, 4) cm
is used. The simulations comprise one speech source and one localized noise
source. In total, 128 scenarios are generated. In each scenario, the position and
orientation of the microphone array is randomized. The speech source is located
at a random position in broadside direction at 2m distance to the center of the
microphone array (i.e. on a circle around its axis). The position of the localized
noise source is randomized, with the constraint that the distance to the center
of the microphone array is at least 1m and the angle between the localized
noise source and the speech source, seen from the center of the microphone
array, is at least 15°.

2.7.1.2 Source Signals

We define two different source signal settings. In the first one, both the speech-
source signal and the localized noise source signal are chosen to be temporally
correlated, i.e. colored signals. The (non-stationary) speech-source signal sq({)
is composed of male and female speech of in total 51 s duration [25], while for
the localized noise source signal sq(l), stationary pink noise is used. This setting
is evaluated for both the time domain and the STFT domain implementations.
In the time domain, for the chosen setup, cf. Sec. 2.7.1.3, the coloration of
the source signals causes a biased filter estimate. In the second setting, both
s1(l) and so(1) are chosen to be temporally uncorrelated, i.e. white, stationary
signals, and have been generated independently from the source signals in the
first setting. This setting is evaluated in the time domain implementations
only, leading to an unbiased filter estimate and serving as a reference in order
to illustrate the effect of the bias in the first setting. Since sensor noise is
always present in practice, spatially and temporally uncorrelated noise v(I)
is added in all simulations. Note that due to the incoherent noise, the time
domain simulation results may at most approximately reach the theoretical
limits discussed in Sec. 2.4.2.1 and Sec. 2.5.2.1.

The power of the noise components is defined via the signal-to-coherent-
noise ratio SNR;Oh and the signal-to-incoherent-noise ratio SNR," in the first
microphone, i.e.

nI?

SNREH — 1010g,y 2222101 45 2.58

Y glO Zl \$2,1(l)|2 ( )
inc xlxl(l) 2

SNR," = 101og10L dB, (2.59)

2l (D
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where the reverberant-speech component z;1(l) in the first microphone is
considered to be the useful signal.

2.7.1.3 MCLP and GSC implementation

Time Domain In the time domain, we define the direct speech component to
be the target component, i.e. we choose § = L; = 11 samples, corresponding to
the energy spread of a single acoustic wave, cf. Sec. 2.7.1.1, yielding d = 11 for
MCLP and d > 11 for the GSC, cf. Sec. 2.2.3 and Sec. 2.2.4. An ideal GSC
blocking matrix B was designed, cf. (2.24)—(2.25). The filter g is chosen to be
a matched filter (MF) such that B¥g = 0, both for the GSC and MCLP. We
choose 2 =T in (2.36), leading to a biased filter estimate for colored source
signals. The effect of the bias is shown by comparing the performance for both
colored and white source signals.

STFT Domain In the STFT domain, using square-root-Hann windows of
512 samples with 50% overlap, we choose 6 = L; = 1 frame. The GSC
blocking matrix B uses an estimate of the RETFs, which we obtain as presented
in [65,147,157]: we estimate the average spatial correlation matrix of the
microphone signals using the whole batch, and the spatial correlation matrix
of the stationary noise components using 5s noise-only frames, such that the
spatial speech-component correlation matrix can be estimated by subtraction.
Then, assuming that the spatial coherence matrix of the late reverberant-speech
component in frame [ may be modeled as diffuse, the RETF relative to the first
microphone is estimated by from the GEVD of the spatial speech-component
correlation matrix estimate and the diffuse coherence matrix [65,157]. Again,
the filter g is chosen to be an MF with B¥g = 0, i.e. g is a normalized
version of the RETF estimate. For € in (2.36), we use an estimate of ¥, .,
which in the STFT domain is diagonal for d = 1, cf. Sec. 2.3.2. Since g is
a normalized version of the RETF estimate, estimating the PSDs quﬂe(l) in
W, . corresponds to estimating the early-reverberant speech component in the
first microphone. Again, this can be done using the GEVD [65,157], now applied
to a recursive estimate of the spatial speech-component correlation matrix in
frame | and the diffuse coherence matrix. See, e.g., [65,157] for a detailed and
more formal discussion on GEVD-based RETF and PSD estimation.

2.7.1.4 Performance Measures

Time Domain In the time domain, equivalently to gs, (1), ¢s,(1), ¢»(1) and
qs,|e(l), we define the individual source components of e(n) as es, (1), s, (1),
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e, (1) and esl|e(l), where esl|e(l) = q51\e(l), cf. (2.49), (2.57). With o € {q, e},
the signal-to-coherent-noise ratio SNRS™ the signal-to-incoherent-noise ratio
SNRI, the signal-to-total-noise ratio SNR ', and the signal-to-reverberation

ratio SRR, at the MF output and the MCLP and GSC output are defined as

El |0816(l)|2
00 D) + o, OF

> |0816(l)|2
|los, (1) — 081|e(l)|2 dB,

where the component oy, 0(l) is considered to be the useful signal. Please note
that ¢(I), and hence for ¢ = ¢ also the measures in (2.58)—(2.61), are independent
of the particular framework. Further, note that in the denominator of (2.61),
for o = ¢, the difference ¢, (I) — ¢s,|c(!) equals the late reverberant-speech
component g, ¢(1), while for o = e, the difference e, (1) — e, e(l) comprises
not only residual reverberation, but also a bias term in the general case. For
evaluation, we use the improvement in SNR'" and SRR, i.e.

SNR!X" = 101og,, 5~ (2.60)

SRR, = 10log;, (2.61)
2

ASNR'™ = SNR** — SNR ", (2.62)

ASRR = SRR, — SRR, (2.63)

STFT Domain In the STFT domain, the target component gy, |(I) cannot
be observed separately, since the sub-band convolution model in (2.1) poses
an approximation of the time-domain convolution only [117]. Further, due to
overlapping frames in the STFT processing and incomplete blocking in the
GSC, the target component gs,|(I) may not be completely maintained in e(l),
such that the measures in (2.60)—(2.63) are not suitable in the STFT domain.
Instead, we define the direct-component in ¢(l) as a reference signal, which
cannot be assumed to be equivalent to gg,|.(!). Then, with o € {q, e}, for o(I)
and oy, (1), respectively, we compute the frequency-weighted segmental signal-to-
noise-plus-reverberation ratio and the frequency-weighted segmental signal-to-
reverberation ratio [160], denoted as SNRR™ and SRR™* and indicating the
dereverberation-plus-noise-reduction performance and the dereverberation-only
performance.

2.7.1.5 Varied Parameters

In the time domain, simulations are carried out for different values of the
following parameters: SNRyCOh, SNR,", Ly, and M. The filter length L, is
presented relatively to the theoretical minimum given in (2.22), (2.28), denoted
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by L', While one parameter is varied, the others are fixed at SNRqCOh =0dB,
SNR;”C = 90dB, L' = 1, and M = 8, i.e. all simulations intersect at this
point. For N = 2, the minimum number of microphones required by MCLP and
the GSC is given by M = 3 and M = 4, respectively, cf. (2.22), (2.28). If the
number of microphones M falls below this required minimum, the filter length is
computed setting the denominators in (2.22), (2.28) to one. Simulations posing
nearly ideal conditions, i.e. sufficiently high SNR;HC, L > 1 and sufficiently
many microphones M, validate the theoretical results in Sec. 2.4 and Sec. 2.5,
with minor deviations occurring due to the LS approximation in (2.36) of the
Wiener solution in (2.40) and remaining low-level incoherent noise.

In the STFT domain, simulations are carried out for different values of SNR;Oh
only, with SN. é“c =90dB, L' = 1, and M = 8. Since complete blocking is
not achieved in the STFT domain, decreased performance is expected for the
GSC.

2.7.2 Simulation Results

We now discuss the time and STFT domain simulation results.

2.7.2.1 Time Domain

The performance of both frameworks in terms of ASRR and ASNR ™ are shown
in Fig. 2.6. We first discuss the dereverberation performance, followed by the
noise reduction performance.

Dereverberation From Fig. 2.6 (a)—(d) we observe that under favorable
conditions with predominantly late-reverberant-speech interference, i.e. for high
SNR:°", high SNR", L' > 1 and sufficiently high M, the SRR improvement
of both MCLP and GSC converge to the same value of around 31 dB for white
source signals, respectively denoted by [---++1] and [+---:]. This upper limit is
determined by the LS approximation (2.36) of the Wiener Solution of the (2.40).
In all conditions, for colored source signals, the target component g, |o(1) is
partially whitened due to the biased filter estimate, leading to a performance
drop for both MCLP [—] and the GSC [—], cf. Sec. 2.4.2.1 and Sec. 2.5.2.1
and Table 2.1. The GSC reaches up to 18dB ASRR, outperforming MCLP by
3dB. This is due to the potential delay between the direct component and the
first reflection, increasing d for the GSC and thereby decreasing the bias, cf.
Sec. 2.7.1.3. The higher standard deviation of ASRR for the GSC is a result of
the variation of this delay over different source and microphone array positions.
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As can be seen in Fig. 2.6 (a), for white source signals, MCLP shows a rather
high sensitivity towards coherent noise for SNRyCOh < 10dB, whereas the GSC
is somewhat less sensitive. This can be explained by the limited number of
observations Lops used in the LS approximation (2.36) of the Wiener solution
(2.40), causing LS to focus on the suppression of components with higher power,
i.e. here on (late) coherent-noise suppression. For colored source signals, the
effect is less pronounced in both frameworks.

While it can be observed from Fig. 2.6 (b) that both MCLP and GSC are
highly sensitive to incoherent noise, the results also indicate an up to 2.5dB
lower performance of the GSC as compared to MCLP for SNR;nC < 90dB
and < 55dB for white and colored source signals, respectively. The reason
for this may lie in the GSC blocking matrix, which by construction causes a
cross-correlation of the incoherent-noise components in the data-dependent filter
input u(l), as opposed to the mere delay in MCLP. Hence, for the GSC, not
only the autocorrelation submatrices of W; are affected by incoherent noise,
but also the cross-correlation submatrices.

As shown in Fig. 2.6 (c), ASRR saturates for both MCLP and GSC above
L' = 1, both for white and colored source signals, as expected from theory.
The GSC performs slightly better than MCLP if L*! < 1. We may however
state that for both frameworks, undermodeling is not extremely critical, as even
at L' = 0.7, we obtain ASRR values above 22dB for white source signals,
while the performance is hardly affected for colored source signals.

From Fig. 2.6 (d), we note that ASRR drops sharply for both MCLP and GSC
if the number of microphones is smaller than required, i.e. M < 3 and M < 4,
respectively. This holds for both white and colored source signals. MCLP
reaches saturation at M = 3, while the GSC saturates at M = 5 only instead
of M = 4. This may be caused by remaining low-level incoherent noise and

possibly nearly common zeros in the transfer functions corresponding to Hpg in
(2.27) for M = 4.

Noise Reduction From Fig. 2.6 (e)-(h) we observe that under favorable
conditions with predominantly coherent-noise interference, i.e. for low SNR;O}‘,

high SNR™ L' > 1 and sufficiently high M, the GSC [+, ] shows

y
increasing improvement in terms of ASNR ' for decreasing values of SNR;Oh,

while for MCLP [-+++++, —], ASNR *" is limited to at most 15dB. the GSC [+,

] clearly outperforms MCLP [-++---) —] in terms of ASNR'". This is due
to the GSC suppressing the entire coherent-noise component gs, (1), while MCLP
suppresses the late coherent-noise component gy, ¢(I) only, cf. (2.47)-(2.49),
(2.55)—(2.57) and Table 2.1. Note that MCLP exhibits a stronger standard
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deviation in ASNR™" than the GSC. This is caused by the varying power
of the early coherent-noise component g, c(7), as the power of the individual
direct components at the output of the MF may be distributed over a range
potentially larger than d, depending on the angle between the speech source
and the coherent-noise source. In all conditions, the GSC performs somewhat
worse for colored signals than white signals, while no significant difference is
found for MCLP.

Fig. 2.6 (e) indicates that the GSC exceeds MCLP for SNRyCOh < 20dB, while
both frameworks perform similarly for high SNR;OI’ values. For the GSC,

ASNR™" decreases at a rate of slightly less than 10dB ASNR™" per 10dB
SNR, coh “such that the noise power at the output is almost constant throughout

the Slmulated range. This implies that for SNR; coh > 35dB, the total noise
power is in fact even boosted as compared to the output of the MF, both for
MCLP and the GSC. Again, this effect can be explained by the limited number
of observations L.ps in the LS estimate (2.36), here causing LS to focus on
reverberant-speech suppression.

As can be seen from Fig. 2.6 (f), for both white and colored source signals, the
GSC exceeds MCLP for higher SNR,™ values, while the difference reduces for
lower values.

As shown in Fig. 2.6 (g), for both white and colored source signals, both MCLP
and the GSC again saturate for L*! > 1. Again, undermodeling does not appear
to be extremely critical.

From Fig. 2.6 (h), for both white and colored source signals, we once more find
a sharp performance drop for both MCLP and the GSC if M < 3 and M < 4,
respectively. Again, saturation is reached at M = 3 and M = 5, respectively.

2.7.2.2 STFT Domain

The performance of both frameworks in terms of SRR™ and SNRR™® are
shown in Fig. 2.7, where the performance of the MF serves as a reference.

From Fig. 2.7 (a), we note that the dereverberation-only performance of the

MF [--=-] in terms of SRR™® remains almost constant around 4.1dB. At
high SNR;Oh values with predominantly late-reverberant-speech interference,
MCLP [—] and the GSC [—] outperform the MF by up to 3.1dB and

4.1dB, respectively. Note that in theory, for complete blocking, i.e. if (2.27) is
satisfied, the GSC is expected to perform as effectively as MCLP in terms of
dereverberation, cf. (2.47)-(2.49), (2.55)—(2.57), Table 2.1, and the time domain
simulation results in Sec. 2.7.2.1. However, since the sub-band convolution
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Figure 2.7: (a) dereverberation-only/(b) dereverberation-plus-noise-reduction
performance in terms of SRR fWS/SNRR s versus SNR;Oh of the MF, the MCLP
and the GSC framework, respectively denoted by [-'=:=], [—], and [—]. The
shaded areas represent the standard deviation.

model in (2.1) poses an approximation of the time-domain convolution only,
and since the RETFs used in the GSC blocking matrix are subject to estimation
errors, cf. Sec. 2.7.1.3, complete blocking is not achieved in the STFT domain.
Due to incomplete blocking, the GSC hence suffers from some amount of early
reverberant-speech cancellation and in addition from incomplete prediction of the
late reverberant-speech component gy, ¢(1), leading to reduced dereverberation
performance in comparison to MCLP. At low SNR;Oh values with predominantly
coherent-noise interference, we find that both MCLP and the GSC perform
worse than the MF, indicating speech distortion. Again, this effect can be
explained by the limited number of observations L., used in the LS estimate
(2.36), causing LS to focus on (late) coherent-noise suppression, cf. Sec. 2.7.2.1.
Since the GSC is able to suppress the early coherent-noise component gs,|c(1)
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also, the GSC performance is less affected.

From Fig. 2.7 (b), we note that the dereverberation-plus-noise-reduction
performance of the MF in terms of SNRR™ ranges between —8dB for
SNR*" = —20dB and 2.6dB for SNR;*" = 40dB, where the upper limit
is still affected by the noise component, as can be seen by comparison to the
dereverberation-only performance in Fig. 2.7 (a). At high SNR;Oh values MCLP
and the GSC outperform the MF by up to 32.8dB and 2.1dB, respectively.
At low SNR;Oh values, MCLP performs only somewhat better than the MF,
while the GSC in contrast outperforms the MF by up to 5.1dB. This difference
at low SNR;OI‘ values is expected as MCLP suppresses the late coherent-noise
component g, .(!) only, while the GSC suppresses the entire coherent-noise
component gs, (1), cf. (2.47)-(2.49), (2.55)—(2.57), Table 2.1, and the time
domain simulation results in Sec. 2.7.2.1. Audio examples of the STFT domain
simulations are available online [162].

2.8 Conclusion

In this paper, we formally analyzed and compared the MCLP and GSC
frameworks in terms of blind dereverberation and noise reduction performance.
Both frameworks are theoretically able to perform complete dereverberation
if incoherent noise is absent. Due to the use of a blocking matrix, the GSC
is theoretically able to completely cancel coherent noise in the absence of
incoherent noise, while MCLP cancels the late coherent-noise component only.
For complete cancellation, the GSC requires one additional microphone as
compared to MCLP. Furthermore, the blocking matrix design requires spatial
information in form of the early speech-source RIR or the RETF, which needs to
be acquired in practice. In order to confirm the theory and to assess the practical
relevance of the theoretical findings, we carried out time domain simulations
using oracle knowledge on the early RIRs, resulting in complete blocking of
the early reverberant-speech component, and STFT domain simulations using
estimated REFTs, resulting in incomplete blocking.

The simulation results confirm that in terms of noise reduction, as opposed
to the GSC performance, the performance of MCLP is limited. In terms of
dereverberation, the GSC performs equally well if complete blocking is achieved,
as expected from the theoretical analysis, but performs inferior for incomplete
blocking. Both MCLP and the GSC exhibit strong sensitivity to incoherent
noise. For both frameworks, dereverberation and noise reduction performance
reach their maximum at a relative filter length of about one, while moderate
undermodeling of the filter length does not appear to be extremely critical. The
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simulations further confirm that for one coherent-noise component, the GSC
requires four microphones, while MCLP requires three microphones only.

In summary, we can state that if sufficiently many microphones are available and
complete blocking is achieved, the GSC performs superior to MCLP in terms
of noise reduction and equally well in terms of dereverberation, but inferior
in terms of dereverberation for incomplete blocking. In practice therefore, in
acoustic conditions with only mild noise but predominantly late-reverberant-
speech interference, MCLP is to be preferred, while in case of predominantly
noise but mild to moderate late-reverberant-speech interference, the GSC is to
be preferred. In acoustic conditions with both strong reverberation and strong
noise, combined schemes may be most appropriate.
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Abstract

In multi-microphone speech enhancement, reverberation as well as additive
noise and/or interfering speech are commonly suppressed by deconvolution and
spatial filtering, e.g., using multi-channel linear prediction (MCLP) on the one
hand and beamforming, e.g., a generalized sidelobe canceler (GSC), on the other
hand. In this paper, we consider several reverberant speech components, whereof
some are to be dereverberated and others to be canceled, as well as a diffuse
(e.g., babble) noise component to be suppressed. In order to perform both
deconvolution and spatial filtering, we integrate MCLP and the GSC into a novel
architecture referred to as integrated sidelobe cancellation and linear prediction
(ISCLP), where the sidelobe-cancellation (SC) filter and the linear prediction
(LP) filter operate in parallel, but on different microphone signal frames. Within
ISCLP, we estimate both filters jointly by means of a single Kalman filter. We
further propose a spectral Wiener gain post-processor, which is shown to relate
to the Kalman filter’s posterior state estimate. The presented ISCLP Kalman
filter is benchmarked against two state-of-the-art approaches, namely first a
pair of alternating Kalman filters respectively performing dereverberation and
noise reduction, and second an MCLP+GSC Kalman filter cascade. While the
ISCLP Kalman filter is roughly M? times less expensive than both reference
algorithms, where M denotes the number of microphones, it is shown to perform
similarly as compared to the former, and to outperform the latter.

Index terms — Dereverberation, interfering speech cancellation, noise
reduction, beamforming, multi-channel linear prediction, Kalman filter.

3.1 Introduction

In many wide-spread speech processing applications such as hands-free telephony
and distant automatic speech recognition, reverberation as well as additive
noise and/or interfering speech impinging on a microphone may deteriorate the
quality and intelligibility of the speech recordings [15]. The demanding tasks
of dereverberation, noise reduction and/or interfering speech cancellation, and
in particular the conjunction of these therefore remain a subject of ongoing
research, with multi-microphone-based approaches exploiting spatial diversity
receiving particular interest [83,85,87,89,91,92,94-96,98-100,102,103,111-
113,115,116,157,163]. In this context, we below briefly discuss two broad
concepts in multi-microphone speech enhancement, namely spatial filtering and
deconvolution.
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As a spatial filtering technique, beamforming is commonly used in noise
reduction and interfering speech cancellation, but may as well be applied for
dereverberation [83,85,87]. In order to perform both dereverberation and noise
reduction, several beamforming schemes have been proposed. In [83], a cascaded
approach is presented, using data-independent, super-directive beamforming
for dereverberation, and data-dependent, e.g., minimum-variance distortionless
response (MVDR) beamforming, for noise reduction. The generalized sidelobe
canceler (GSC), a popular implementation of the MVDR beamformer, has been
applied in different constellations [85,87]. In [85], joint dereverberation and
noise reduction is performed using a single GSC, while in [87], a nested structure
is proposed, employing an inner GSC for dereverberation and an outer GSC for
noise reduction. The GSC is composed of two parallel signal paths: a reference
path and a sidelobe-cancellation (SC) path. The reference path traditionally
employs a matched filter (MF), while the SC path cascades a blocking matrix
(BM), blocking either the entire or the early-reverberant speech component,
and an SC filter, minimizing the output power and thereby suppressing residual
nuisance components in the reference path, i.e. either residual noise or both
residual noise and reverberation components.

As a deconvolution technique, multi-channel linear prediction (MCLP) [89,91,
92,94-96,98-100,102,103,111-113,115,116, 157, 163] recently prevailed in blind
speech dereverberation, while noise reduction is not targeted. As opposed to
beamforming, MCLP does not require spatial information on the speech source.
Instead, for each microphone, the reverberation component to be canceled is
modeled as a linear prediction (LP) component, i.e. as a filtered version of the
delayed microphone signals, with the LP filter to be estimated. Besides iterative
LP filter estimation approaches such as [91,94-96, 112, 113], also adaptive
approaches based on recursive least squares (RLS) [92,100,103,111] as well as
the Kalman filter [98,99,102] have been proposed in the past years. In order to
reduce noise after dereverberation, multiple-output MCLP has been cascaded
with MVDR beamforming in [112,113], which was seen to be a commonly
adopted approach in the 2018 CHiME-5 challenge [49]. In [115], the cascade
in [112,113] is unified. In [116], joint MCLP-based dereverberation and noise
reduction is performed using a pair of alternating Kalman filters respectively
estimating the LP filter and the noise-free reverberant speech component.

In [163, cf. Ch. 2], we have presented a comparative analysis of the GSC
and MCLP. In another previous paper [157], instead of cascading MCLP and
beamforming or relying on beamforming only, we have proposed to integrate the
GSC and MCLP by employing an SC path and LP path in parallel, resulting in an
architecture we refer to as integrated sidelobe cancellation and linear prediction
(ISCLP). Within this novel architecture, we have estimated the SC and LP filters
jointly by means of a single Kalman filter. Here, the spatial pre-processing blocks
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MF and BM require an estimate of the relative early transfer functions (RETFs),
cf. also [85], while the Kalman filter requires an estimate of the power spectral
density (PSD) of the desired early speech component, cf. also [98,99,102].
In this paper, the work in [157] is extended in the following manner. We
generalize the short-time Fourier transform (STFT) domain-based signal model,
which now comprises several (spatio-temporally correlated) reverberant speech
components, whereof some are to be dereverberated and others to be canceled,
as well as a (spatially, but not temporally correlated) diffuse (e.g., babble) noise
component to be suppressed. This generalized acoustic scenario necessitates
(non-stationary) multi-source early PSD estimation and RETF updates, which
is achieved by means of the algorithm recently proposed in [164, cf. Ch.
4]. We further augment the proposed approach by a spectral Wiener gain
post-processor, which is shown to relate to the Kalman filter’s posterior state
estimate. In order to demonstrate the effectiveness of the ISCLP Kalman
filter, we compare against two state-of-the-art approaches — first the previously
mentioned alternating Kalman filters in [116], and second an MCLP+GSC
Kalman filter cascade, conceptually relating to [112,113]. As compared to these
two reference algorithms, the ISCLP Kalman filter is computationally roughly
M? times less expensive, where M denotes the number of microphones. Yet,
the ISCLP Kalman filter is shown to perform similarly as compared to the
alternating Kalman filters, and to outperform the MCLP+GSC Kalman filter
cascade. A MATLAB implementation is available [152].

The paper is organized as follows. In Sec. 3.2, we present the signal model
in the STFT domain. In Sec. 3.3, the ISCLP Kalman filter is described.
Implementational aspects are discussed in Sec. 3.4, followed by simulations in
Sec. 3.5.

3.2 Signal Model

Throughout the paper, we use the following notation: vectors are denoted by
lower-case boldface letters, matrices by upper-case boldface letters, I and 0
denote an identity and zero matrix, 1 denotes a vector of ones, A*, A”, A",
and E[A] denote the complex conjugate, the transpose, the complex conjugate
transpose or Hermitian, and the expected value of a matrix A. The operation
Diag[a] creates a diagonal matrix with the elements of a on its diagonal, and
tr[A] denotes the trace of A. Submatrices are referenced either by index ranges
or alternatively by sets of indices, e.g., the submatrix of A spanning all rows
and the columns j; to jo is denoted as [A]. ;,.;,, and the submatrix composed
of all rows and the columns of A with indices in the ordered set T is denoted
as [A]. er-



SIGNAL MODEL 67

In the short-time Fourier transform (STFT) domain, with [ and k indexing
the frame and the frequency bin, respectively, let y,,, (I, k) with m =1,..., M
denote the m*™ microphone signal, with M the number of microphones. In
the following, we treat all frequency bins independently and hence omit the
frequency index. We define the stacked microphone signal vector y(I) € CM,

yO = (@ - wa) (3.1)

composed of the mutually uncorrelated reverberant speech components x,,(1)
with n =1,..., N originating from N < M point speech sources and the noise
component v(1), defined similarly to (3.1), i.e.

N
y() = 3 xa(l) + v(0). (3.2)

Here, the reverberant speech components x,,(I) may be decomposed into the
early and late-reverberant speech components x,o(1) and x, (1), i.e.

Xn(l) = Xn|e(l) + Xn\f(l)a (33)

which are commonly parted by the arrival time of the therein contained
reflections and assumed to have distinct spatio-temporal properties as outlined
below. Let x0(I) = 25:1 Xp|e(l) and x,(1) = Zi:;l Xp|¢(1) denote the sum of
the early and late-reverberant speech components, respectively, such that y(I)
in (3.2)—(3.3) may alternatively be written as

y(1) = xo(1) + xe(1) + V(0). (3.4)

Early reflections are assumed to arrive within the same frame, where the
early components in x,.(l) are related by the RETFs in h,(I) € CM as
Xple(l) = hy(1)s,(l). Here, without loss of generality, the RETFs are assumed
to be relative to the first microphone, i.e. [h, (1)l = 1, and 5, (1) = [x,e(1)]1
denotes the early component in the first microphone originating from the nt®
source, in the following referred to as early source image. We stack h,, (1) and
sp (1) into H(I) € CM*N and s(1) € CV, respectively, i.e.

H() = (b () - hy(D)), (3.5)

s(l) = (51(1) sN(l))T, (3.6)

such that x.(l) is expressed by
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In the following, let Ny < N early speech source images s,(l) be defined
as the target source images, and let T" denote the set of the corresponding
|T| = Np target-source indices. Let T" denote the complement set to T', with
|T'| = N — Nr. In order to distinguish the target components in y(1) as well as
their complements, we introduce the short-hand notations similar to (3.5)—(3.7),

Hr(l) = [H()]. er, (3.8)
st(l) = [s()]er, (3.9)
ez (1) = Hp(Dsp(l), (3.10)

and Hrp (1), s7/(l), and x¢7- (1) similarly, such that x,(I) in (3.4) becomes
Xe(l) = xep (1) +xe7: (1). (3.11)

Our objective is to estimate

sp(l) =Y sn(l) = 17s7 (1) (3.12)

neT

from y(I) by means of the ISCLP Kalman filter. To this end, we rely on
assumptions on the spatio-temporal behavior of the individual microphone signal
components. We assume that s,(l) is temporally uncorrelated across frames,
i.e. we have E[s,(I—1")s;,(I)] = 0 for I’ > 0, and with x,c(I) = h,(I)sn(])
consequently

Elxue(l =1)x5.(0)] =0 for I'>0. (3.13)

For speech signals, this assumption can be considered approximately justified if
the STFT window length and window shift are sufficiently large. Within the
limits defined by the reverberation time, we assume that the late-reverberant
speech component X,,(l) is correlated to previous early source images s,,(I —1’)
with I’ > 0, but not to the current early source image s, (1), i.e. we have

Elx, (I =1)x5,(1)] #0 for 1" >0, (3.14)

Bl o(1)x2(1)] = 0. (3.15)

Note that (3.14) also implies E[x, (I —1")x{,({)] # 0 for all I'. With (3.14), we
may predict x,|¢(I) from x,,(I —1"), which indeed is the fundamental assumption
of MCLP-based dereverberation [89,91,92,94-96,98-100,102,103,111-113,116].
Assumptions (3.13) and (3.15) allow for unbiased filter estimation [163, cf. Ch.
2] in MCLP-based dereverberation [89,91,92,94-96,98-100,102,103,111-113,116]
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and GSC-based dereverberation and noise reduction [85,87], respectively. Hence,
all three assumptions (3.13)—(3.15) are equally essential in the derivation of the
ISCLP Kalman filter, cf. Sec. 3.3. Similarly to s,(!), the noise component v(1)
is assumed to be temporally uncorrelated, i.e.

Ev(i-U")v"()]=0 for I'>0, (3.16)
and is therefore not predictable.

Within frame [, i.e. for I’ = 0, we further make assumptions on the spatial
behavior of x, (/) and v(I), namely that both may be modeled as spatially
diffuse. However, as these assumptions are irrelevant in the derivation of the
ISCLP Kalman filter itself, cf. Sec. 3.3, but required only for parameter
estimation based on [164, cf. Ch. 4], i.e. the estimation of the RETFs Hr ()
and the PSD ¢, (1) = E[s7(l)s¥(1)], we treat them in the corresponding section
only, cf. Sec. 3.4.2.

3.3 Integrated Sidelobe Cancellation
and Linear Prediction Kalman Filter

We strive to estimate the target component sy () from the microphone signals
y(l) defined in Sec. 3.2. For this purpose, we introduce the ISCLP architecture.
In Sec. 3.3.1, we describe the SC and LP signal paths and filter constellations,
which require spatio-temporal pre-processing of y(I). In Sec. 3.3.2, striving
for recursive filter estimation, we define an ISCLP state-space model for the
SC and the LP filter, wherefrom a Kalman filter is derived. The Kalman filter
yields a (prior) estimate e(l) = 87 () of sy (1), which may further be spectrally
post-processed, as shown in Sec. 3.3.3.

3.3.1 ISCLP Signal Path Architecture

A block-diagram of the ISCLP architecture is depicted in Fig. 3.1. It integrates
the GSC and MCLP and hence consists of three signal paths: a reference path
employing an MF, an SC path, composed of a BM and an SC filter, and a LP
path, composed of a delay and an LP filter. While the MF, the BM and the
SC filter are multiplicative (mult.), i.e. they operate on a single frame, the
LP filter is convolutive (conv.), i.e. it operates across frames. The MF and
the BM perform spatial pre-processing, serving unconstrained estimation of
the SC filter, while the delay may analogously be considered as temporal pre-
processing, serving unconstrained estimation of the LP filter. Structurally, one
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may interpret ISCLP either as MCLP with the conventional reference channel
selection replaced by a GSC, or alternatively as a GSC employing a generalized
BM (composed of a traditional BM and a delay line), and a convolutive filter
(composed of the SC and the LP filter). In the following, we formally discuss
the individual signal paths.

In oder to maintain the target component s7(I) in (3.12), the MF g € CM must
satisfy [32,42]

g () Hr (1) = 17, (3.17)
where a commonly used [32,42] choice for g(I) adhering to (3.17) is
- -1
g(l) = Hr () (HA()H () "1, (318)

with Hp (1) (H% (l)HT(l))_1 the pseudoinverse of HY (). In practice, we hence
require an estimate Hp (1) of Hyp (1), cf. also Sec. 3.4.2. With y () as in (3.4),
combining (3.10)—(3.12), the MF output ¢(I) becomes

= s7(1) + g" (1) (xej7 (1) + x(1) + v(1)). (3.19)
The BM B(l) € CM*M=N1 must be orthogonal to Hr(1), i.e.
B7()Hy(1) = 0, (3.20)

and with (3.18) hence B”(I)g(l) = 0. One may, e.g., choose B(!) based on the
first M — Nt columns of the rank-(M — Nt) projection matrix to the null space
of Hr(1) [32], i.e.

B(l) = [1- Hy (1) (HA(O)HL (1) "HEQD)] (3.21)

L1:M—Np?

with HT(Z)(wa(Z)HT(l))JH?(Z) the projection matrix to the column space
of Hr(l). With y(I) as in (3.4), combining (3.10)—(3.11), the SC-filter input
usc(l) € CM=NT s then given by

[ ue(l) =B ()y(D)|

= B () (xar () + x2(0) + v (1)), (3.22)

whereby the target component x. (1) = Hr(I)sr(l) is canceled. Using a delay
of one! frame, the LP-filter input u,,(I) € C“~DM is defined by stacking y(1)

I In MCLP literature, delays of more than one frame are commonly used [94-96,99,100,103,
111-113,116] in order to avoid temporal target component leakage due to overlapping windows
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Figure 3.1: The integrated sidelobe cancellation and linear prediction (ISCLP)
architecture.

over the past L — 1 frames, i.e.

woll) = (y7(1=1) - y7(1-L+1) - (3.23)

With the SC filter Wy.(I) € CM~N7 and the LP filter w,,(1) € CE=DM | the
enhanced signal e(l) = §7(l) at the output of ISCLP, also referred to as error
signal in the remainder, is given by

e(l) = ar(l) = q(1) — 2s0(l) — 20(0), (3.24)
with  ze(l) = W (D use(l), (3.25)
2n(l) = W () u(l). (3.26)

At this point, given ¢(1), usc(l), and u.p(l), our task consists in obtaining the
filters Wyo(l) and W, (1) as estimates of some yet to be defined associated true
states wyo(l) and w, (1), cf. Sec 3.3.2. In this respect, let us first discuss the
mutual relations between the target component sr(I) in ¢(I) and the signals
usc(l) and u (1), as well as the consequences thereof for the filter estimation.
Note that due to the delay in the LP path, the filter estimates Wgc(l) and W,({)
do not operate on the same input-data frame at the same time. The SC-filter
input ug(1) in (3.22) depends on the current frame y(I) only, such that Wg.({)
will exploit spatial correlations within the current frame. Due to the cancellation
of x7(l) at the BM output and (3.15), we have E[us(1)s7(1)] = 0. This allows
for unconstrained, recursive estimation of wy.(l), which is indeed the general

in the STFT processing, cf. Sec. 3.4.1. As we here also consider interfering reverberant speech
components to be canceled, larger delays in the LP filter path however call for a convolutive
SC filter [163, cf. Ch. 2] instead. The design proposed in this contribution did not show
sensitivity to leakage effects, cf. Sec. 3.4.1 and Sec. 3.5.
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incentive behind the usage of GSC-like structures [32,42]. In contrast, the
LP-filter input u,»(!) in (3.23) depends on the L —1 previous frames y (I —1')
with I’ =1,...,L—1, such that w,() will exploit spatio-temporal correlations
between the current and the previous frames (but not within the current frame).
Due to this delay and (3.13), we have E[u.r(I)s-(I)] = 0, likewise allowing
for unconstrained, recursive estimation of w;,(I). However, with both us.(1)
and u,(1) containing (late-)reverberant components, the two inputs are not
independent, i.e.

| EBfu,,(hul ()] # 0, (3.27)

cf. (3.14), and as a consequence also E[z,(1)z%,(1)] # 0. In other words, a
change in Wy.(l) requires a change in W,,(), and vice versa. We therefore strive
to jointly estimate both filters.

3.3.2 ISCLP State-Space Model and Kalman Filter Update

In order to recursively estimate the SC and LP filter, we employ a Kalman
filter, which has also been applied successfully to MCLP in previous works
[98,99,102,116]. Hereby, we interpret Wg.(I) and W,,(l) as estimates of the true
states wye(l) and w,,(l), which are defined by a state-space model comprising
the so-called measurement equation and the process equation. In the following,
we first define the state-space model, and then present the corresponding Kalman
filter update equations, which recursively estimate the true state.

As we intend to estimate wg(l) and w,(1) jointly, cf. Sec. 3.3.1, we stack the
SC and LP filter path into u(l) € CEM=N7 and w(l) € CEM—N1 je.

u(t) = (uz0) i) (329

wil) = (wi.0) wim) - (3:29)

and w(l) defined similarly to (3.29). The true state w(l) is considered a random
variable with zero mean and correlation matrix W, (1) = Elw(l)w"” (I)]. We
assume that w(l) leads to complete cancellation? of g (1) (x¢7 (1) +x¢(1) +v(1)),
and therefore yielding e(l) = sp(1), cf. (3.19) and (3.24)-(3.26). Reformulating
(3.24)—(3.26) using (3.28)—(3.29), inserting e(l) = sp(!) and rearranging yields
the so-called measurement equation,

g () = u* ()w(l) + s7.(0). | (3.30)

2Note that complete cancellation may not necessarily be possible, e.g., if v(l) # 0 [163, cf.
Ch. 2], and so the true state does not necessarily exist. Nonetheless, lacking detailed
knowledge on the true system, we assume that it lies in the model set.
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In Kalman filter terminology, we refer to ¢*(I) as the measurement and to s%.(1)
as the (presumed zero-mean and temporally uncorrelated, cf. also Sec. 3.2)
measurement noise with PSD ¢, (1) = E[sp(1)s*(1)]. In practice, in order to
implement the Kalman filter update equations, an estimate @ (1) of s, (1) is
required, cf. Sec. 3.4.2.

The true state w(l) is assumed time-varying, which accounts for potential time
variations in the room impulse responses (RIRs), e.g., caused by time-varying
source and microphone-array positions, as well as time-varying activity of
individual sources and noise powers. The so-called process equation models the
evolution of the true state w(l) in the form of a first-order difference equation,
ie.

(w(l) = A"()w(l—1) + wa(D). | (3.31)

where A(l) models the state transition from one frame to the next,
and the process noise w,(l) models a random (presumed zero-mean and
temporally uncorrelated) variation component with correlation matrix ¥, (1) =
E[w, (l)w#(1)]. Lacking detailed knowledge on the exact evolution of the true
state, both A(l) and W, (I) are commonly considered design parameters to be

tuned [99,102,116,165], cf. Sec. 3.4.3.

The true state w(l) modeled by (3.30)—(3.31) may be estimated recursively
by means of the Kalman filter update equations [51,52], which are commonly
presented as two distinct sets of updates per recursion, namely an a-priori time
update reflecting the state evolution, cf. (3.31), and an a-posteriori measurement
update reflecting the current measurement, cf. (3.30). Specifically, let Ww(l) and
wT (1) denote the yet to be defined prior and posterior state estimates of w(l),
respectively, and let w(l) and W (l) denote the associated state estimation
errors, i.e.

w(l)

w(l) —w(l), (3.32)
wh(l) =wT(l) —w(l), (3.33)

with the associated state estimation error correlation matrices W4 (1) and ¥ (1).
Then, based upon (3.31) and (3.30), respectively, the prior and posterior state
estimates w(l) and Wt () shall recursively minimize the expected squared
Euclidian norm of the associated state estimation error, i.e. E[||W(l)[*] =
tr[®5(1)] and E[||[W'(1)[|?] = tr[®(1)]. This leads to the celebrated Kalman
filter update equations [51,52],

w(l) = A" (D)Wt (—1), (3.34)

Wu(l) = AT(D)TLI—1)A() + P, (1), (3.35)
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(1) = ¢ (1) — u” (D)w(l), (3.36)
pell) = 0 ()W (Du(l) + o0, (1), (3.37)
k(1) = T (Dull)e: (1), (3.38)
W (1) = w(l) + k()e* (1), (3.39)
W (1) = (1) — k(Du” ()W a (), (3.40)

where the time and the measurement update are given by (3.34)—(3.35) and
(3.39)—(3.40), respectively. In the time update, cf. (3.34)—(3.35), the previously
acquired posterior quantities W (I —1) and ¥} (I —1) are propagated according
to the evolution of the state w(l), cf. (3.31), yielding the prior quantities w(l)
and ¥4 (). Then, given w(l) and ¥ 4(I), the complex conjugate error signal
e*(1), its PSD ¢, (1), and the Kalman gain k(I) are computed, cf. (3.36)—(3.38),
thereby leveraging new information in terms of the measurement ¢*(I) and
the measurement noise PSD .. (1), cf. (3.30). Finally, in the measurement
update, cf. (3.39)-(3.40), e*(I) and k(I) are utilized to update w(l) and ¥ 4(1),
yielding the posterior quantities W (1) and ¥t (1). The error signal e(l) in (3.36)
thereby represents the Kalman filter estimate of sp (1), cf. also (3.24)—(3.26).
As the Kalman filter minimizes tr[W¥4(1)] during convergence, it is easily seen
that also ¢.(I) = E[|e({)|?] in (3.37) is minimized. The Kalman filter requires
initialization, which we consider in Sec. 3.4.3.

3.3.3 Posterior-like Spectral Post-Processing

With w(l) a prior estimate of w(l), we may consider e(l) = §r(l) in (3.36) a
prior estimate of sp(l). After the measurement update in (3.39), yielding the
posterior estimate W (1) of w(l), we may accordingly define a posterior estimate
et (1) = 85 (1) similar to (3.36) by

eIt (1) = 81T (1) = ¢* (1) — u ()% (1), (3.41)

Interestingly, e*(l) in (3.41) can be shown to be a spectrally post-processed
version of e(l). Specifically, inserting (3.39) while using (3.36), inserting (3.38)
and finally (3.37), we find

et () = 85(1) = (1 —u”(Dk(l)) e(l)

= (1-u"()Taud)e, ' (1) e(l)

e(l), (3.42)
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where v(I) = vs,.(1)/pe(l) can be recognized as the spectral Wiener gain
minimizing E[|sp(I) — v(1)e(1)|?]. In practice, where we rely on potentially
highly non-stationary estimates ¢s,.(l), cf. Sec. 3.4.1 and Sec. 3.4.2, one may
prefer slowly decaying gains for perceptual reasons [30]. Therefore, instead of
using (3.42), we propose to alternatively define v(I) and e™(I) by

~(1) = max ﬁ:(gl)),ﬂfy(l -1, (3.43)
et (1) = 85(1) = v(De(D), (3.44)

with the tuning parameter 8 € [0,1] limiting the gain decay. Note that
(3.43)—(3.44) reduce to (3.42) for 8 =0, and to (3.36) for 3 =1 and v(0) =1 as
initial gain, since @, (1)/@e(l) < 1 due to (3.37).

3.4 Implementational Aspects

Kalman filters perform optimally if the assumed state-space model matches the
true system [51,52]. In a practical implementation, the here presented ISCLP
Kalman filter derived from the ISCLP state-space model in (3.30)—(3.31) is
subject to modeling errors, requires parameter estimation, and, where detailed
knowledge on the underlying system dynamics is not available, parameter tuning.
These implementational aspects are discussed in the following. In Sec. 3.4.1, we
qualitatively discuss the potential target component leakage due to imperfect
spatio-temporal pre-processing in ISCLP and its impact on the proposed ISCLP
Kalman filter. In Sec. 3.4.2, we summarize a recently proposed approach to early
PSD estimation and recursive RETF updating, which we employ in conjunction
with the Kalman filter. In Sec. 3.4.3, we discuss the process equation parameter
tuning and Kalman filter initialization.

3.4.1 Spatio-Temporal Target Component Leakage

The previously made assumptions that E[us.(1)sk(1)] = 0 and E[u,s(1)s%(1)] = 0,
cf. Sec. 3.3.1, may not be strictly satisfied in a practical implementation, which
we refer to as target component leakage. Leakage may occur due to the following
reasons. The spatial pre-processing components MF and BM rely on spatial
information in terms of the RETFs Hr(1), cf. (3.18) and (3.21), which needs to
be estimated in practice. The estimate ﬂT(l) commonly contains estimation
errors, i.e. we have Hp(l) # Hy(1). Further, the RETF-based data model in
(3.7) itself may be erroneous, e.g., due to dependencies across frequency bins [117].
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Finally, the assumption in (3.15) that x,,¢(!) and x/,(I) are uncorrelated may
be violated, e.g., due to overlapping windows in the STFT processing. In general,
these estimation and modeling errors cause incomplete blocking and therefore
target component leakage through the BM, such that E[us.(l)sk ()] # 0, cf.
(3.19), (3.22). This may be referred to as spatial target component leakage.
Similarly, if s7(1) is temporally correlated such that (3.13) is violated, e.g., due
to overlapping windows in the STFT processing or to too small window lengths
and shifts, we find E[u,,(1)s(1)] # 0, cf. (3.19), (3.23), which may be referred
to as temporal target component leakage.

Potentially, spatial and temporal leakage cause a biased [163, c¢f. Ch. 2] filter
estimate w(l), which leads to partial suppression of sr(l), also referred to
as speech cancellation in GSC terminology [32,42], or excessive whitening
in MCLP terminology [89]. However, note that the Kalman filter offers
inherent robustness towards target-component leakage. To see this, consider
the measurement update terms in (3.39)—(3.40), respectively given by k(I)e* (1)
and k(l)u” (1)® 5 (1). Using (3.30) and (3.32), we may express e*() in (3.36) in
terms of sk.(I), while using (3.37), we may similarly express k(I) in (3.38) in
terms of .. (1), i.e.

e (1) = si(l) — u” (D)w(l), (3.45)

k(l) = (3.46)

From (3.45)—(3.46), we note that ¢, (1) = E[sr(I)s5(I)] acts as a regularization
parameter in both update terms k(1)e*(1) and k(I)u” (I)®4(1). Consequently,
strong target powers inhibit the measurement update, while weak target powers
promote it. Put differently, in terms of robustness towards target-component
leakage and convergence, the Kalman filter benefits from non-stationarities and
sparsity in g, (1) across time. Note that in recursive MCLP implementations
based on the weighted prediction error (WPE) criterion and RLS [92,100,103,
111], the target-component PSD similarly appears as a regularization term in
the update equations.

In practice, we rely on estimates @s,. (1), which should hence maintain non-
stationarities. In WPE RLS literature, the target-component PSD estimate
is obtained, e.g., directly from the plain microphone signals [92], based on
a late-reverberant PSD estimate obtained by means of an exponential decay
model [100,111], or using a neural network [103]. Here, as we consider a more
generic signal model comprising several reverberant speech components and
diffuse noise, cf. Sec. 3.2, we instead estimate @g,.(I) by means of [164, cf. Ch.
4], cf. Sec. 3.4.2.
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3.4.2 Target PSD Estimation and RETF Update

We require an RETF estimate Hp (1) of Hp (1), of. (3.18) and (3.21), and a
PSD estimate @g..(1) of @s. (1), cf. (3.37) and (3.43). To this end, we use
an algorithm recently proposed in [164, cf. Ch. 4] by the authors of this
paper, which computes early PSD estimates and recursively updates the RETF
estimates for all N point sources. The algorithm [164, cf. Ch. 4] is summarized
as follows.

Let ¥, (1) = E[x.(I)x/(I)] denote the correlation matrix of x(I) within frame

e

I, which generally has rank N and is given by
W, (1) = H(l) Diag[e, (1)]H" (1), (3.47)

0.0 = (1) - 00 (D)) - (3.49)

with ¢, (1) denoting the PSD of the early speech source image s, (I). Instead
of directly using the conventional early correlation matrix model in (3.47), the
algorithm in [164, cf. Ch. 4] is based on its factorization, i.e. it relies on the
square-root model

T/2()Q(1) = H(l) Diagle"* (1), (3.49)

where \Il;/Q(l) € CM*N and @'? € CVN are some square roots of ¥, (1) and
@4(1) such that W,°()W2/3(1) = W, (I) and Diagle™2(1)]@"2(1) = (1),
respectively, and Q(l) is a unitary matrix, i.e. Q(1)Q"(l) = I, which accounts
for the non-uniqueness of both square-roots. Note that right-multiplying each
side of (3.49) with its Hermitian yields (3.47). In the estimation, we distinguish
the prior and posterior RETF estimates H(l) and H7 (), respectively, and
assume that initial RETF estimates I:I(O) are available, which may be based on,
e.g., initial single-source RETF estimates acquired from segments with distinctly
active sources [147], or some initial knowledge or estimates of the associated
dicrections of arrival (DoAs) [145,146]. Given a (to be obtained) square-root
estimate ‘ilfl,;/Q (1) and a prior RETF estimate H(l), which is propagated from
the previous posterior, i.e. ﬂ(l) = I:IJr(lfl)7 we first obtain the unitary
and diagonal estimates Q(Z) and Diag[@"?], yielding @ (1) = Diag[®"/*]§">,
and based on these estimates second update the RETF estimate, yielding
the posterior fI'*‘(l), whereat the recursion is closed. Here, both steps are
based on approximation error minimization with respect to the square-root
model in (3.49). Given @4(I) and ﬁ*(l), we extract @q,. (1) and Hp(l) as
Por (1) =17 [@s(1)]er and Hr (1) = [HT(I)]er, cf. Sec. 3.2.

The said required square root \Il;/f(l) is estimated in the following manner.
While x,,¢(I) and v(I) exhibit a fundamentally different temporal behavior
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across frames, cf. Sec. 3.2, we assume that their spatial behavior within frame [
is the same. Specifically, we model both x,,(I) and v(I) as spatially diffuse with
coherence matrix I' € CM*M  which may be computed from the microphone
array geometry [132,166] and is therefore assumed to be known. For the late
reverberant component X, ¢([), this is a commonly made assumption [67,68,132].
For the noise component v(1), the assumption is commonly made for noise types
such as, e.g., babble noise [167], which we use in our simulations, cf. Sec.
3.5. Based on these assumptions, the microphone signal correlation matrix
¥, (1) = Ely()y"”(I)] may be written as

U, (1) =¥, (1) + pa()T, (3.50)

with @q(1) = EnN:1 P, (1) + @u(l) and ¢, , (1) and ¢, (I) denoting the PSDs
of the late-reverberant speech components and the diffuse noise component,
respectively. We obtain a subspace representation of (3.50) by means of the
generalized eigenvalue decomposition (GEVD) of ¥, (I) and I'. Based on the
generalized eigenvectors and generalized eigenvalues, ¥, (I) may be decomposed

into a diffuse component, cf. also the diffuse PSD estimator in [68], and
H

E/Q(Z). A temporally
smooth estimate \ily‘ sm(l) of W, (1) itself is obtained from the microphone signals
by recursively averaging y*(I)y(l). In order to restore non-stationarities, we
desmooth? the generalized eigenvalues of \ily‘sm(l) and I' and thereby yield
non-stationary PSD estimates in the subsequent processing steps, as favored

in the Kalman filter, cf. Sec 3.4.1. For further details, we refer the interested
reader to [164, cf. Ch. 4].

a factorized early rank-N component ¥, (1) = U/*(1)¥

T

3.4.3 Process Equation Parameter Tuning and Initialization

The tracking and convergence behavior of the Kalman filter depends on its
process equation parameter tuning and initialization. The process equation
models the evolution of the state by means of the parameters A(l) and ¥,,, (1),
cf. (3.31) and (3.34)—(3.35). In practice, only limited knowledge of the state
evolution is available, such that A(l) and ¥,,, (!) are commonly left to tuning
[99,102,116,165]. Typically, both A(l) and ¥,, (I) are chosen to be scaled
identities, with A(l) commonly time-invariant [99,102,116,165] and acting as
a forgetting factor [102,165], and ¥, (I) either time-variant [99,116,165] or
time-invariant [102]. Here, we set A(l) and ¥, (I) based on the assumption
that the state correlation matrix W, (1) is time-invariant, i.e. W, (1) = ¥,
Unfortunately, ¥,, is unknown and not available in practice, however, we may

3Considering recursive averaging as an invertible recursive filtering operation, the
generalized eigenvalues may be desmoothed by means of the corresponding inverse filter.



IMPLEMENTATIONAL ASPECTS 79

define a rough guess ¥,,. Given such a guess ¥,,, by means of a forgetting
factor a € (0, 1), we may account for a steadily time-varying acoustic scenario
and true state w(l) by setting

A(l) = Val, (3.51)

‘I’wA (l) = (1 - a)‘Ilw; (352)

such that if ¥, = ¥,,, we rightly have ¥, = a¥,, + (1 - )P, from (3.31).
While ¥, may rather be defined by design than by truly estimating ¥, the
notion of ¥, being a rough guess of ¥,, may nonetheless guide its definition to
some extent. Here, we choose a diagonal matrix with distinct diagonal elements.
With W, = Diag[t.,], let ¥, € RM~N7 and 4, € REDM denote the
subvectors of 1, associated to the SC and the LP filter, respectively, which
we treat separately. Expecting lower values for later prediction coefficients in
the LP filter, we choose the power of the diagonal elements in 1),,, to drop
exponentially each M elements, i.e. we set

,lzjwsc = /lz[;wsc]ﬂ (353)

— _ _ T
Yy = ( EA wg;}}v) , (3.54)
with .. > 0 and 1y, € (0,1) further adjustable.

The matrix ¥,, may also be used to initialize the Kalman filter. With the
commonly chosen initial state estimate w(0) = 0, we have w(0) = w(0) in
(3.32), such that the true initial state estimation error correlation matrix ¥ (0)
becomes W;(0) = ¥,,(0) = ¥,,. Therefore, we initialize the Kalman filter by

w(0) =0, (3.55)
U, (0) =W, (3.56)

in (3.34)(3.35), where W4 (0) in (3.56) is an estimate if ¥, # ¥,,. Finally,
note that the process equation parameter tuning in (3.51)—(3.52) may also
be considered from a (re-)initialization perspective. In case of meaningful
measurement updates, the Kalman filter tracks w(l), but otherwise tends
to return to its initial condition due to (3.51)—(3.52), such that explicit re-
initialization as, e.g., in case of a sudden change in the acoustic environment, is
not necessary. To see this, consider the case where, e.g., u(l) = 0 for a period
of time, such that no measurement update is performed. In this case, regardless
of their current values, we have w(l) slowly converging to 0 and W () slowly
converging to ¥, cf. (3.34)~(3.35). Note that if desired, explicit re-initialization
may still easily be incorporated in the proposed concept, namely by defining «
time-variant and setting it to zero at the determined re-initialization point.
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3.5 Simulations

In order to demonstrate the effectiveness of the presented ISCLP Kalman filter,
we define two case studies, case A and case B. In case A, we compare to
the (computationally more demanding) alternating Kalman filters proposed
in [116]. Here, we consider one reverberant speech and a babble noise component,
x1(l) and v(l), with x; (/) containing the target component x¢ 7 (1) = x1e(l).
In case B, we compare to a (computationally more demanding) MCLP+GSC
Kalman filter cascade, which conceptually relates to [112,113] in that it cascades
linear prediction and beamforming. Here, we consider two reverberant speech
components and a babble noise component, x; (1), x2(1), and v(1), with x; (1)
again containing the target component X7 (1) = x1|¢(l), and x2(l) an interfering
speech component to be canceled. In both cases, we investigate the algorithms’
behavior depending on the signal-to-noise ratio, SNR, which is defined as the
power ratio of x;(I) to v(l), and depending on the filter length L. In case A,
we additionally investigate the convergence behavior.

In what follows, we describe the two reference algorithms in more detail in
Sec. 3.5.1, the performance measures in Sec. 3.5.2, the acoustic scenario in Sec.
3.5.3, the algorithmic settings in 3.5.4, and finally the simulation results in Sec.
3.5.5.

3.5.1 Reference Algorithms

We discuss the alternating Kalman filters in Sec. 3.5.1.1 and the MCLP+GSC
Kalman filter cascade in Sec. 3.5.1.2.

3.5.1.1 Case A: Alternating Kalman Filters

In [116], MCLP-based dereverberation and noise reduction is performed in each
microphone channel using two alternating Kalman filters. The Kalman filter
dedicated to dereverberation estimates a multiple-output LP filter, and the
Kalman filter dedicated to noise reduction estimates the noise-free reverberant
speech component. The enhanced signal is computed from the posterior?
state estimates of both Kalman filters. The two state vectors have dimensions
M?(L —1) and M(L — 1), respectively, while the ISCLP Kalman filter requires
a single state vector with dimension ML — Nt only with Np = 1 in case A, cf.
(3.29). Since the Kalman filter in general exhibits a quadratic computational
cost in the state vector dimension and the alternating Kalman filters requires

4which corresponds to spectral post-processing, cf. Sec. 3.3.3.
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a roughly M times larger state vector, the alternating Kalman filters are
computationally roughly M? times as demanding as the ISCLP Kalman filter.?
The two state space models do not provide a spatial distinction between point
sources (and therefore do not require RETF estimates, as opposed to the ISCLP
Kalman filter) and further do not consider temporally correlated interference
components such as interfering reverberant speech. We hence set x3(1) = 0
when comparing to [116], i.e. interfering speech is absent, cf. Sec. 3.5.3.2.

The alternating Kalman filters require correlation matrix estimates of the
measurement and process noises, more precisely of the random variation of the
multiple-output LP filter state, comparable to ¥,,, (I) in the ISCLP Kalman
filter, cf. (3.31), the early component ¥, 7(I) = ¥, (1), the early-plus-noise
component ¥, _(I)+¥,(1), and the noise component ¥, (1) [116]. In the original
implementation in [116], a time-invariant estimate ¥, is assumed to be available,
which we here compute in an oracle fashion from v(I) directly, while the other
correlation matrices are estimated based on the previous state estimates and
error signals of the alternating Kalman filters. For the sake of a fair and more
meaningful comparison, we implement two versions of [116]. The first version is
implemented as proposed in [116] and discussed above, subsequently referred to
as the original alternating Kalman filters. In the second version, we align the
parameter estimation and tuning towards the proposed approach, i.e. ¥, (1)
is instead estimated based on [164, cf. Ch. 4], cf. Sec. 3.4.2, and the process
equation parameters modeling the evolution of the multiple-output LP filter
state are defined similarly to Sec. 3.4.3, subsequently referred to as the modified
alternating Kalman filters.

3.5.1.2 Case B: MCLP+GSC Kalman Filter Cascade

In [112,113], multiple-output MCLP based on the (iterative) WPE criterion
[94,95] is cascaded with MVDR beamforming in order to reduce noise after
dereverberation, which became a popular approach in the CHIME-5 challenge
[49]. For the sake of a close comparison, however, we here instead compare
to a (recursive) multiple-output MCLP-based Kalman filter cascaded with a
(recursive) GSC-based Kalman filter, subsequently referred to as MCLP+GSC.
Herein, we estimate the LP and SC filters independently. The enhanced signal
at the GSC output is computed using spectral post-processing of the same kind
as in (3.43)—(3.44). The two state vectors have dimensions M?(L — 1) and
M — Nr, respectively, while the ISCLP Kalman filter requires a single state
vector with dimension M L — Np only with Ny = 1 in case B, cf. (3.29). Since
the Kalman filter in general exhibits a quadratic computational cost in the

5leaving aside the computational complexity of parameter estimation, which depends on
the employed parameter estimation algorithms.
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state vector dimension and the MCLP+GSC Kalman filter cascade requires a
roughly M times larger state vector, the MCLP+GSC Kalman filter cascade is
computationally roughly M? times as demanding as the ISCLP Kalman filter.
The GSC state space model does provide a spatial distinction between point
sources (based on an RETF estimate, as the ISCLP Kalman filter). We hence
set x2(1) # 0 when comparing to the MCLP4+GSC Kalman filter cascade, i.e.
interfering speech is present, cf. Sec. 3.5.3.2.

The MCLP and GSC Kalman filters require correlation matrix estimates of
their respective measurement and process noises, more precisely of the random
variation of the multiple-output LP filter and SC filter state, respectively,
defined similarly to the corresponding SC and LP submatrices of W,,, (1) in the
ISCLP Kalman filter, cf. (3.31), and the early components W, r(I) and ¢, (),
respectively, computed based on [164, c¢f. Ch. 4] as in the proposed ISCLP
Kalman filter, cf. Sec. 3.4.2.

3.5.2 Performance Measures

As performance measures, we choose the perceptual evaluation of speech quality
[168], PESQ, with mean opinion scores of objective listening quality € [1,4.5],
the short-time objective intelligibility [169], STOI, with scores € [0,1], the
frequency-weighted segmental signal-to-interference ratio [16,30], SIR', in dB,
and the cepstral distance [16,30], CD, in dB. While high values are preferable
for PESQ, STOI, and SIR™, low values are preferred for CD. These intrusive
measures require a clean reference signal §7(1), which approximates the target
signal s (1) in (3.12). In order to generate $7(l), we convolve the target speech
source signal with the early part of the RIR to the first microphone, cf. Sec
3.5.3, whereat we define the first Ngrpr samples of the RIR as its early part,
with Ngrpr the analysis and synthesis window length of the STFT processing
corresponding to 32 ms, cf. Sec. 3.5.4. Note that due to modeling errors in the
RETF-model in (3.7), we generally have §7(I) # sr(I). When investigating the
dependency on SNR or L, we compute the measures from 4s to 10s, i.e. roughly
after convergence. When investigating the convergence behavior, we compute
the measures within sliding windows of 2s each. The computed measures are
averaged over several individual simulations, cf. Sec. 3.5.3.

3.5.3 Acoustic Scenario

We describe the acoustic scenarios without and with interfering speaker in Sec.
3.5.3.1 and Sec. 3.5.3.2, respectively.
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3.5.3.1 Case A: Without Interfering Speech

In case A, the microphone signals are composed of one reverberant speech and
a babble noise component, x;(I) and v(l), with x;(I) containing the target
component X7 (l) = Xyje(l). To generate x; (), we use measured RIRs of 0.61s
reverberation time to a linear microphone array with M = 5 microphones and
8 cm inter-microphone distance [26]. When investigating the dependency on SNR
or L, the speech source remains positioned in 2m distance of the microphone
array at 0° relative to the broad-side direction during 10s of simulation. When
investigating the convergence behavior, the speech source remains positioned
in 2m distance at 0° for the first 8s, then jumps to 15°, where it remains for
another 10s. Both female and male speech [25] are used as speech source signals.
The babble noise component is generated using [27,167]. From the speech
source signal files and the babble noise file [27], we randomly select individual
segments, yielding individual simulations to be averaged in the performance
evaluation, cf. Sec. 3.5.2. In total, when investigating the dependency on SNR
or L, we generate 64 individual simulations per condition. When investigating
the convergence behavior, we generate 128 individual simulations.

3.56.3.2 Case B: With Interfering Speech

In case B, the microphone signals are composed of two reverberant speech
components and a noise component, x;(1), x2(1), and v(l), with x; () again
containing the target component X () = X;c(/), and x2(I) an interfering
speech component. We investigate the dependency on SNR and L, and generate
x1(l) and v(I) in the same manner as in case A, cf. Sec. 3.5.3.1. To generate
x2(1), we use the same set of RIR measurements, where the associated source
is positioned in 2m distance at either {30,60,90}°. If x;(I) contains female
speech, then x2(l) contains male speech [25] and vice versa. On average, x1 (1)
and x3(1) have roughly the same power. From the speech source signal files and
the babble noise file, we randomly select individual segments, generating 3-64 =
192 individual simulations per condition to be averaged in the performance
evaluation, cf. Sec. 3.5.2.

3.5.4 Algorithmic Settings

In our simulations, the sampling frequency is f; = 16 kHz, and the STF'T analysis
and synthesis uses square-root Hann windows of Ngppr = 512 samples with
50% overlap. When investigating the dependency on SNR and the convergence
behavior, we set L = 6 in (3.23). The estimates @,(1) and HT (1), required in
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(3.37) and (3.18), (3.21) are obtained by means of [164, cf. Ch. 4], cf. Sec. 3.4.2.
In (3.51)—(3.52), we set a such that 10log,y(1 — a) = —25dB. Expecting lower
values for SC filter coefficients at higher frequencies due to generally reduced
spatial correlations between individual microphones, we choose 1, in (3.53)
to be frequency-dependent with 101og; % decreasing linearly from 0dB at
0kHz to —15dB at 8kHz. In (3.54), we set 101og,o tw,, = —4dB. In (3.43),
we set 5 such that 20log,, 8 = —2dB, and v(0) = 1.

3.5.5 Results

We discuss the results in case A and B in Sec. 3.5.5.1 and Sec. 3.5.5.2,
respectively. Audio examples are available at [152].

3.5.5.1 Case A

Counsider the spectrograms in Fig. 3.2 depicting 2s of (a) the reference
microphone signal y;(1), and the corresponding outputs of (b) the original
alternating Kalman filters, (¢) the modified alternating Kalman filters, and (d)
the ISCLP Kalman filter for L = 6 in an exemplary simulation at SNR = 10dB.
As can be seen by comparison with (a), all three algorithms in (b)—(d)
considerably reduce reverberation and noise. Yet, their spectrograms exhibit
slightly different features. As opposed to the modified alternating Kalman filters
and the ISCLP Kalman filter (¢)—(d), the original alternating Kalman filters
(b) show some amount of temporal smearing resembling musical noise [116].
This is due to errors in the correlation matrix estimates used to update the
alternating Kalman filters, which in turn are computed recursively based on
the alternating Kalman filters’ previous state estimates and error signals [116].
In contrast, in the modified alternating Kalman filters and the ISCLP Kalman
filter, the required correlation matrix and PSD estimates are computed directly
from the microphone signals while maintaining non-stationarities, cf. Sec. 3.4.2
and Sec. 3.5.1.1. As compared to the modified alternating Kalman filters (c),
the signal power in the ISCLP Kalman filter (d) decays somewhat less quickly
after transient speech components, which is due to 8 > 0 in (3.43), cf. Sec.
3.5.4, resulting in a perceptually somewhat more pleasant sound image [152].



Figure 3.2: Exemplary spectrograms depicting 2s of
(a) the reference microphone signal y; (),

and the corresponding outputs of
(b
(¢) the modified alternating Kalman filters, and
(d) the ISCLP Kalman filter for L = 6

at SNR =10dB.
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Fig. 3.3 shows the performance in terms of (a) PESQ, (b) STOI, (c) SIR'"*,
and (d) CD versus SNR for the reference microphone signal [------], the original
alternating Kalman filters [- - - |, the modified alternating Kalman filters [—s—],
and the ISCLP Kalman filter [—e—] with L = 6. In this and the following
figures, the graphs denote medians over all individual simulations, cf. Sec.
3.5.3, and the shaded areas indicate the range from the first to the third
quartile. Overall, the measures show a high degree of agreement. As expected,
the reference microphone signal reaches better scores at higher SNR values
in all measures. Above roughly SNR = —5dB, all three algorithms show a
significant improvement over the reference microphone signal in all measures,
least pronounced in STOI. The modified alternating Kalman filters generally
outperform the original alternating Kalman filters, validating the modified
parameter estimation and tuning aligned to the proposed ISCLP Kalman filter,
cf. Sec. 3.5.1.1. In terms of PESQ, STOI, and CD, the ISCLP Kalman filter
reaches very similar scores as compared to the modified alternating Kalman
filters. In terms of SIR'™*, the ISCLP Kalman filter performs somewhat worse
than the modified alternating Kalman filters above SNR = 20dB, which is
due to a small amount of speech cancellation caused by the SC filter, cf. Sec.
3.4.1. Note that in this SNR range, the babble noise component v(l) becomes
negligible, i.e. reverberant interference is pre-dominant, which can be handled
by the LP filter only. The SC filter therefore becomes superfluous in this case.
Further simulations showed that the ISCLP Kalman filter may reach similar
SIRT™* scores as compared to the modified alternating Kalman filters if the
SC filter variance 1, in (3.53) is set depdending on the SNR, which allows
to essentially switch off the SC filter at high SNR values, and thereby avoid
unnecessary speech cancellation.

Fig. 3.4 depicts the performance improvement in terms of (a) APESQ, (b)
ASTOI, (c) ASIR'™* and (d) ACD versus L with respect to the reference
microphone signal for the original alternating Kalman filters [- - - ], the modified
alternating Kalman filters [—=—], and the ISCLP Kalman filter [—e—] at SNR =
25dB. Note that in Fig. 3.4 and in the following figures presenting performance
improvements, the resolution of the vertical axes is twice as large as in Fig.
3.3. Again, the measures show a high degree of agreement. We find that
in all measures, the original alternating Kalman filters generally yield less
improvement and in addition show a stronger dependency on L as compared
to the modified alternating Kalman filters and the ISCLP Kalman filter. The
improvement for both the modified alternating Kalman filters and the ISCLP
Kalman filter saturates at roughly L = 6. The original alternating Kalman
filters reach the largest improvement between L = 8 and L = 10. In terms of
(¢) ASIR™* and (d) ACD, however, as opposed to the other two algorithms,
its performance decays again for larger values of L [116]. Further simulations
showed that for all three algorithms, the dependency on L decreases with
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Figure 3.3: (a) PESQ, (b) STOI, (c¢) SIR™* and (d) CD versus SNR for the
reference microphone signal [---+--], the original alternating Kalman filters [- - -],
the modified alternating Kalman filters [—=—], and the ISCLP Kalman filter
[—e—] with L = 6 if interfering speech is absent.

decreasing SNR values. This is expected since at low SNR values, the babble
noise component v(l) becomes pre-dominant, which is temporally uncorrelated,
cf. Sec. 3.2, and may therefore not be suppressed by the LP filter.

Fig. 3.5 shows the performance improvement in terms of (a) APESQ, (b)
ASTOI, (c) ASIR'™* and (d) ACD versus time ¢ with respect to the reference
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Figure 3.4: (a) APESQ, (b) ASTOI, (c) ASIR'™* and (d) ACD versus L with
respect to the reference microphone signal for the original alternating Kalman
filters [---], the modified alternating Kalman filters [—=—], and the ISCLP
Kalman filter [—e—] at SNR = 25dB if interfering speech is absent.

microphone signal for the original alternating Kalman filters [- - -], the modified
alternating Kalman filters [—=—], and the ISCLP Kalman filter [—e—] with
L =6 at SNR = 10dB. Again, the measures largely agree. We find that
after initialization, all algorithms converge after roughly 4s. The speech source
position changes at 8s, cf. Sec. 3.5.3.1, such that the three algorithms have
to re-adapt. In case of the ISCLP Kalman filter, this does not only require
adaptation of w(l), but also of the estimate Hy(l), cf. (3.18), (3.21), and Sec.
3.4.2. Note that none of the three algorithms is re-initialized after ¢ = 8 s, but
re-adapt themselves, cf. also Sec. 3.4.2 for the ISCLP Kalman filter. However,
we find that for all three algorithms, convergence speed after the speech source
position change is somewhat reduced as compared to the initial convergence
stage.
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Figure 3.5: (a) APESQ, (b) ASTOI, (¢) ASIR'™*, and (d) ACD versus ¢ with
respect to the reference microphone signal for the original alternating Kalman
filters [- - -], the modified alternating Kalman filters [—=—], and the ISCLP
Kalman filter [—e—] with L = 6 at SNR = 10dB if interfering speech is absent.

3.6.5.2 CaseB

Fig. 3.6 shows the performance in terms of (a) PESQ, (b) STOI, (c¢) SIR'"* and
(d) CD versus SNR for the reference microphone signal [------], the MCLP+GSC
Kalman filter cascade [—v—] and the ISCLP Kalman filter [—e—] with L = 6.
Also here, the measures show a high degree of agreement. As in case A, cf. Fig.
3.3, the reference microphone signal reaches better scores at higher SNR values
in all measures. The curves are, however, generally flatter as compared to those
in Fig. 3.3, which is due to the now additional interfering speech component
x2(1), cf. Sec. 3.5.3. Above roughly SNR = —5dB, both algorithms show a
significant improvement over the reference microphone signal in all measures,
with the ISCLP Kalman filter clearly outperforming the MCLP+GSC cascade.
For the ISCLP Kalman filter, as compared to case A where x3(I) = 0, cf.
Fig. 3.3, PESQ now predicts less improvement, while STOI predicts more
improvement, indicating different sensitivity of both measures to the additional
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Figure 3.6: (a) PESQ, (b) STOI, (¢) SIR'™* and (d) CD versus SNR for
the reference microphone signal [-++-+], the MCLP+GSC Kalman filter cascade
[-v—] and the ISCLP Kalman filter [—e—| with L = 6 if interfering speech is
present.

interfering speech component xa(1).

Fig. 3.7 depicts the performance improvement in terms of (a) APESQ, (b)
ASTOI, (c) ASIR'™* and (d) ACD versus L with respect to the reference
microphone signal for the MCLP+GSC Kalman filter cascade [—v—] and the
ISCLP Kalman filter [—e—] at SNR = 25dB. Again, the ISCLP Kalman filter
clearly outperforms the MCLP+GSC Kalman filter cascade in the simulated
range. For the ISCLP Kalman filter, as compared to case A where x3(1) =0,
cf. Fig. 3.4, the improvement shows a stronger dependency on L and saturates
somewhat later, indicating that longer filters are required in case of additional
temporally correlated components such as x2 (1), which is in line with the findings
in [163, cf. Ch. 2]. As in case A, further simulations showed that for both
algorithms, the dependency on L decreases with decreasing SNR values.
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Figure 3.7: (a) APESQ, (b) ASTOI, (c) ASIR'™* and (d) ACD versus L with
respect to the reference microphone signal for the MCLP+GSC Kalman filter
cascade [—v—] and the ISCLP Kalman filter [~e—] at SNR = 25dB if interfering
speech is present.

3.6 Conclusion

In this paper, in order to jointly perform deconvolution and spatial filtering,
allowing for dereverberation, interfering speech cancellation and noise reduction,
we have presented the ISCLP Kalman filter, which integrates MCLP and
the GSC. Hereat, the SC filter and the LP filter operate in parallel but
on different input-data frames, and are estimated jointly. We further have
proposed a spectral Wiener gain post-processor, relating to the Kalman filter’s
posterior state estimate. Implementational aspects such as spatio-temporal
target component leakage, target PSD estimation and RETF updates, as well
as process equation parameter tuning and initialization have been discussed.
The presented ISCLP Kalman filter has been benchmarked in terms of its
dependency on the SNR and the filter length L, as well as in terms of its
convergence behavior. With M the number of microphones, the ISCLP Kalman
filter is roughly M? times less expensive than both reference algorithms, namely
first a pair of alternating Kalman filters in an original and a modified version,
and second an MCLP+GSC Kalman filter cascade. Nonetheless, simulation
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results indicate better or similar performance as compared to the original or
modified version of the former, and better performance as compared to the
latter.
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Abstract

Multi-channel short-time Fourier transform (STFT) domain-based processing
of reverberant microphone signals commonly relies on power-spectral-density
(PSD) estimates of early source images, where early refers to reflections contained
within the same STFT frame. State-of-the-art approaches to multi-source early
PSD estimation, given an estimate of the associated relative early transfer
functions (RETFs), conventionally minimize the approximation error defined
with respect to the early correlation matrix, requiring non-negative inequality
constraints on the PSDs. Instead, we here propose to factorize the early
correlation matrix and minimize the approximation error defined with respect
to the early-correlation-matrix square root. The proposed minimization problem
— constituting a generalization of the so-called orthogonal Procrustes problem —
seeks a unitary matrix and the square roots of the early PSDs up to an arbitrary
complex argument, making non-negative inequality constraints redundant. A
solution is obtained iteratively, requiring one singular value decomposition
(SVD) per iteration. The estimated unitary matrix and early PSD square
roots further allow to recursively update the RETF estimate, which is not
inherently possible in the conventional approach. An estimate of the said early-
correlation-matrix square root itself is obtained by means of the generalized
eigenvalue decomposition (GEVD), where we further propose to restore non-
stationarities by desmoothing the generalized eigenvalues in order to compensate
for inevitable recursive averaging. Simulation results indicate fast convergence
of the proposed multi-source early PSD estimation approach in only one
iteration if initialized appropriately, and better performance as compared to
the conventional approach.

Index terms — Farly PSD estimation, RETF estimation, orthogonal Pro-
crustes problem, unitary constraint, singular value decomposition, generalized
eigenvalue decomposition.

4.1 Introduction

In many multi-microphone signal processing applications, the recorded
microphone signals constitute a mixture of several spatially diverse components,
originating from different sources, bearing reverberation and noise. As far as
speech is concerned, one typically admits early reflections, while late reverberant
components deteriorate the perceived quality and intelligibility [15]. In order
to process the various mixture components, many techniques heavily rely on
estimates of their power spectral densities (PSDs) [30,134,170].
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In recent years, a number of multi-microphone approaches to the estimation
of early speech PSDs, late reverberant PSDs, and/or noise PSDs have been
proposed, which rely on a spatial correlation matrix model in the short-time
Fourier transform (STFT) domain [61-64, 66-69,84,151,171]. In order to
estimate these PSDs, some parameters of the correlation matrix model are
assumed to be known or estimated beforehand, such as the direction(s) of
arrival (DoA(s)) or the relative early transfer function(s) (RETF(s)) associated
to the source(s) [61-64,66,67,84,151,171], or the spatial coherence matrix of
the noise or the late reverberant component, where in particular the latter is
commonly modeled as a spatially diffuse sound field [61-64,66-69,84,132]. It
should be noted that the majority of these approaches consider a single source
[62-64,66—68,171], while only some consider multiple sources [61,69,84,151],
which is the focus of this paper.

In [62,63], the early speech and late reverberant PSD estimates are obtained by
maximum-likelihood estimation, where in [62], both are estimated jointly, and
in [63], the late reverberant PSD estimation relies on blocking the early speech
component. Given particular coherence matrix estimates, e.g., defined from
DoA or RETF estimates (for point sources) or assumptions on the spatial nature
of the sound field (for noise and late reverberation), other estimators rely on
Frobenius-norm minimization of the approximation error defined with respect
to an estimate of the associated correlation matrix component [61,64, 66,69,
84,151,171]. Specifically, in [171], the speech PSD is estimated by minimizing
the approximation error defined with respect to an estimate of the speech-
only correlation matrix component (while reverberation is not considered). In
a similar manner, in [84], considering multiple sources, the early PSDs are
estimated from an estimate of the early correlation matrix component. In [61],
the late reverberant PSD is estimated from an estimate of a blocking-based
correlation matrix, generated by blocking the direct components, while the
multiple early PSDs are estimated as in [84]. Likewise, one may also jointly
estimate several PSDs associated to different kinds of coherence matrices, e.g.,
one may jointly estimate early speech PSD(s), the late reverberant PSD, and
noise PSD(s) [64,66,151]. In [69], joint estimation of the RETFs, the early
speech PSDs, the late reverberant PSD, and the noise PSDs is proposed using
simultaneous confirmatory factor analysis in multiple frames, i.e. by jointly
minimizing a number of approximation errors defined over several frames, during
which the RETFs are assumed to be stationary. Note that the PSD estimates
based on this type of minimization problem are not inherently guaranteed to be
non-negative, requiring either non-negative thresholding, or, alternatively, non-
negative inequality constraints. In [68], the estimation of the late reverberant
PSD is based on a subspace decomposition, outperforming the late reverberant
PSD estimators in [61-63], while the early speech PSD estimate is obtained
from the decision-directed approach [172].
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In this contribution, we are mainly concerned with early PSD estimation and
recursive RETF updates for multiple sources in reverberant environments,
given initial estimates of the associated RETFs. Instead of minimizing the
approximation error defined with respect to an estimate of the early correlation
matrix as in the manner of [64, 66,84, 151], however, we propose to factorize
the early correlation matrix and minimize the approximation error defined with
respect to the early-correlation-matrix square root. Instead of directly estimating
the early PSDs, the proposed minimization problem seeks a unitary matrix and
the square roots of the early PSDs up to an arbitrary complex argument, making
non-negative thresholding or non-negative inequality constraints redundant. The
proposed minimization problem constitutes a generalization [173] of the so-called
orthogonal Procrustes problem [174,175] and may be solved iteratively, requiring
one singular value decomposition (SVD) per iteration. The estimated unitary
matrix and early PSD square roots further allow us to recursively update the
RETF estimate, which is not inherently possible in the conventional approach.
An estimate of the said early-correlation-matrix square root itself is obtained
from an estimate of the microphone signal correlation matrix and the diffuse
coherence matrix by means of the generalized eigenvalue decomposition (GEVD).
Hereat, in order to compensate for the inevitable recursive averaging in the
microphone-signal-correlation-matrix estimation, we further propose to restore
non-stationarities by desmoothing the generalized eigenvalues. Simulation
results indicate fast convergence of the proposed multi-source early PSD
estimation approach in only one iteration if initialized appropriately, and better
performance as compared to the conventional approach in terms of the relative
squared PSD estimation error and the signal-to-interference ratio [176] measuring
the source-component separation. A MATLAB implementation is available
at [153].

The remainder of this paper is organized as follows. In Sec. 4.2, we introduce the
signal model. Given an estimate of the early correlation matrix component, some
state-of-the-art approaches to early PSD estimation are reviewed in Sec. 4.3,
while the proposed approach, given an estimate of the early-correlation-matrix
square root, is presented in Sec. 4.4. In Sec. 4.5, we discuss the estimation
of the required early correlation matrix component and its factorization. The
proposed approach is evaluated in Sec. 4.6, followed by a conclusion in Sec. 4.7.

4.2 Signal Model

Throughout the paper, we use the following notation: vectors are denoted
by lower-case boldface letters, matrices by upper-case boldface letters, I and
0 denote identity and zero matrices, i and 1 denote the first column of I
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and a vector of ones, respectively, AT, A¥ and E[A] denote the transpose,
the complex conjugate transpose or Hermitian, and the expected value of a
matrix A. The operation diag[A] creates a column vector from the diagonal
elements of a square matrix A, Diag[a] and Diag[a”] create a diagonal matrix
with the elements of a on its diagonal, Diagg[A] = Diag[diag[A]] zeros the
off-diagonal elements of A, and tr[A] denotes the trace of A. For non-negative
a e RN, a2 € CN denotes a complex vector with arbitrary complex argument
that satisfies Diag[a”/?Ja"/? = a, and hence |a"/?| = \/a, with absolute value
and non-negative square-root applied element-wise. The operation max[aj, as]
returns a vector of the element-wise maxima of a; and as. ||A||r denotes the
Frobenius norm of A, whereas ||al|2 denotes the Euclidian norm of a. Row
and column j of A are denoted as [A]; . and [A]. ;, respectively, the element at
their intersection as [A]; j, and submatrices spanning rows i, to ia or columns
J1 to jo as [A];, ., and [A]. j,.;,, respectively. R[a] and [a] denote the real
and imaginary part of a € C.

In the STFT domain, with [ and k indexing the frame and the frequency bin,
respectively, let z,,(I, k) with m = 1,..., M denote the m*™ microphone signal,
with M the number of microphones. In the following, we treat all frequency
bins independently and hence omit the frequency index. We define the stacked
microphone signal vector x(I) € CM |

x() = (21(0) -+ en®) (4.1)

composed of the reverberant signal components x,(I) with n = 1,...,N
originating from N point sources, defined equivalently to (4.1), i.e.

N
x(l) =Y % (0). (4.2)

Each reverberant signal component x, (/) may be decomposed into the early
and late reverberant component x,.(1) and x, (1), i.e.

Xn(l) = Xn|e(l) + Xn‘g(l), (43)

which are commonly parted by the arrival time of the therein contained
reflections and assumed to have distinct spatial properties as outlined below.
Early reflections are assumed to arrive within the same frame, with the early
components in X, ¢(/) related by the RETF in h, () € CM ie.

Xple(l) = hy (1)sn(1). (4.4)

Here, without loss of generality, the RETF h,,(I) is assumed to be relative to
the first microphone, i.e. i"h, () = [h, ()]s = 1, and 5, () = [x,c(])]: denotes
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the early component in the first microphone originating from the n'" source, in
the following referred to as early source image. We define the stacked RETF
matrix H(l) € CM*N | yielding

H(l) = (hy() - hy(1)), (4.5)
i"H(l) = [H({)]1. =1". (4.6)

Similarly, we stack s, () into s(l) € CV, i.e.
s() = (s1(0) - sn) (4.7)

such that the sum of the early components x,.(!) may be expressed more
compactly as

> xppe(l) = H(D)s(1). (4.8)

Further, we assume that x,.(/) and x,¢(/) are mutually uncorrelated within
frame I. Let ¥,(l) = E[x()x"(l)] € CM*M denote the microphone signal
correlation matrix, and let the early and late reverberant correlation matrix

W, (1) and ¥,, (1) be similarly defined. With (4.3)—(4.8), we then find
U, (1) =W, (1) + ¥o, (1), (4.9)

wherein W, (1) generally has rank N and is expressed by

[ @e. () = HO)@,()H" ()| (4.10)
®,(l) = Diag[e(1)], (4.11)
0.0 = (u() - @ur ) (112)

with ¢, (I) denoting the PSD of the early source image s,(I). Note that
applying (4.6) to (4.10)—(4.11) while using 17 ®,(1)1 = 1" @ (l), we find that

170, ()i = [, ()]0 = 179,(0), | (4.13)

i.e. the sum of the early PSDs ¢, (1) equals [¥,, (I)]1,1. Assuming that

Xp)¢(1) may be modeled as diffuse [61-64,66-69,84,132] with coherence matrix
T € CM*M which may be computed from the microphone array geometry [132]
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and is therefore considered to be known in the remainder, we may write ¥, ()
as

o, (1) = ¢a, (DT, (4.14)
N

with @z, (1) =Y @, (1), (4.15)
n=1

and ¢, , (1) denoting the PSD of the late reverberant component x,,¢(l). The
PSDs @,(I) and ¢,,(I) may be highly non-stationary, especially if the point
sources are speech sources, while the associated coherence matrices h,, (I)h ()
and T’ are commonly assumed to be comparably slowly time-varying or even
time-invariant.

Note that with (4.14)—(4.15), one may easily include further diffuse components,
e.g., babble noise, without formally changing the signal model. However, since
in this paper, we are mainly concerned with the estimation of the early PSDs
@5 (1) and the recursive updating of the estimate of the RETFs H(I), we restrict
the discussion and simulations, cf. Sec. 4.6, to the example of late reverberation
for the sake of conciseness.

Further, note that while the above signal model is commonly and effectively
used [61-64,66-69,84] due to its simplicity, it may be said to be deficient in
a number of aspects. The assumption that x,,.(I) and x,,(I) are mutually
uncorrelated within frame [ may be violated due to overlapping windows in
the STFT-processing or source signals remaining correlated over several frames.
The assumption that ¥, (I) in (4.10) has rank N implicitly relies on the
assumption that the frequency bins may be treated independently, ignoring
cross-bin dependencies [117]. Finally, related to that, there may be components
that may be modeled neither by the rank-N component ¥, (/) in (4.10) nor by
the diffuse component ¥, (1) in (4.14), depending on the geometry and physical
properties of the acoustic environment.

In the remainder, as we mostly consider the single frame [ only, we also drop the
frame index for conciseness and refer back to it only where necessary, namely
when we differentiate the frames [ and [ — 1 in recursive equations.

4.3 Early PSD Estimation based on
the Early Correlation Matrix

In this section, we discuss some state-of-the-art approaches [64,66,69,84,151] to
the estimation of the early PSDs @, based on the signal model in (4.10)—(4.13).
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In the following, we refer to (4.10)—(4.13) as the conventional signal model.
We develop our discussion from the premise that estimates \ilm and H of the
early correlation matrix ¥, and the RETFs H in (4.10) are readily available.
Throughout the paper, despite being irrelevant to the approaches discussed
in this section, we consider ¥, to generally have rank N, similar to ¥, . A
rank-N estimator of ¥, is described in Sec. 4.5. Further, we assume that H
satisfies i"H = 17, cf. H in (4.6).

Given the estimates of a early correlation matrix @m and the therein
superimposed coherence matrices flnflf{ , one may estimate the associated PSDs
©s,,, cf. (4.5), (4.10)—(4.11), as described in [64,66,84,151].1 Adopting this
approach, we define the approximation error as a function of @ as

E.(@,) = ¥,, — HDiag[e,JH", (4.16)

where the subscript ¢ stands for conventional. The early PSDs @ can then be
estimated by Frobenius-norm minimization of the approximation error followed
by non-negative thresholding, i.e.

L = argmin |Ec(@.)| 7, (4.17)
[

s = max[@., 0]. (4.18)

The non-negative thresholding in (4.18) is necessary as the elements of @', in
(4.17) may in fact be negative, conflicting with the notion of @ being a vector
of PSDs. If H”H has full rank, which (without sufficiency) requires N < M,
the problem in (4.17) has a unique solution given by

¢, =Alb, (4.19)

where A, € RV*N and b,, € RY are defined by
[Aco]n,n’ = |ﬁ§ﬁn'|27 (4.20)
b., = diag[H" ¥, H]. (4.21)

Alternatively, instead of simple thresholding after solving (4.17), one may solve
the minimization problem subject to the non-negative inequality constraint
@s > 0, as proposed in [69]. In addition to this, one may further impose a soft
constraint on 17 @4 corresponding to (4.13), i.e. one may define a soft-constraint
error as a function of @, to be penalized as

A

ec(@s) = ['I’ze]l,l —17@,

1In [84], as in our case, point-source coherence matrices of rank one are considered, while
in [64,66,151], without rendering a difference in the principle approach, general coherence
matrices are considered.
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= [Ec(@s)]11- (4.22)

The resulting minimization problem can then be written as

(bs = arg min ||Ec(q)9)||f;~ + a|6c(‘Ps)|2
Ps

s.t. @ >0, (4.23)

where « is the penalty factor. For a — oo, a hard constraint 17 @, = ['1116]1,1
is introduced, which may however not be desirable due to potential estimation
errors in [¥,,]1 1. Note that in [69], instead of a soft constraint, a box constraint
on 1”@, has been used. For the sake of comparison to the algorithm proposed
in Sec. 4.4, however, we restrict our discussion to the soft constraint. Due to the
inequality constraint @4 > 0, the problem in (4.23) does not have a closed-form
solution and may require several iterations in order to be solved. Using the
proximal gradient method [177,178], we may solve (4.23) by iterating the below
set of equations until convergence is reached,

o1 = U + pu(be— ApLY), (4.24)
@'Y = max[@’?, 0], (4.25)

where ¢ is the iteration index, p the step-size, and b, — Ac(f)ff D the gradient

with A, € RV*N and b, € RY defined by
A=A, +all", (4.26)
bc - ng + a[‘i’zn]l,lla (427)

and A, and b, defined in (4.20)-(4.21). As initial value, it is straight-forward
to choose (p(o) A b, which yields the global minimum if (f)go) > 0. In this
case therefore, convergence is reached after one iteration of (4.24)-(4.25). In any

case, for (p(o) A:'b. and a = 0, the estimate obtained after one iteration of
(4.24) (4.25) corresponds to the estimate defined by (4.17)—(4.19). We therefore
use (4.23) as a reference for comparison in the remainder. In the following, we
refer to (4.23) as the conventional minimization problem (conventional MP).
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4.4 Early PSD Estimation and
Recursive RETF Update based on
the Early-Correlation-Matrix Square Root

In this section, in order to estimate the early PSDs @, instead of defining
the approximation error to be minimized with respect to \ilxe as in (4.16),
we propose to define the approximation error with respect to the square root
'il;/f € CMXN of \ilIe, satisfying lilze = \il;/f\ilfe/z As to be shown, instead of
directly estimating the diagonal of ®, = Diag[@;], the resulting minimization
problem now consists in estimating a unitary matrix @ € CN*¥ and the
diagonal of ®)/* = Diag[(p;/ ?], which constitutes a generalization [173] of the
so-called orthogonal Procrustes problem [174,175]. Since the early PSDs herein
are represented by @, = Diag[(pf/z](p;/z, the corresponding estimate @ is
guaranteed to be non-negative, such that a non-negative inequality constraint
as in (4.23) is not required. Further, we show that the obtained estimates €2
and (f);/ > may be used to recursively update the RETF estimate ﬂ, which is

not inherently possible from the estimate @ given by (4.23).

In Sec. 4.4.1, as a pre-requisite to our derivation, we discuss the factorization of
the conventional signal model in (4.10)-(4.13), yielding the square-root signal
model. In Sec. 4.4.2, based upon the square-root signal model and given the

estimates 111;/92 and ﬂ, we then define and solve the square-root minimization
problem (square-root MP). In Sec. 4.4.3, we discuss the recursive updating of
the RETF estimate H.

4.4.1 Early-Correlation-Matrix Factorization

We consider the factorization of the rank-N matrices on both sides of (4.10). On
the left-hand side of (4.10), we define the square root 'I’;;/f € CM*N guch that
\Il;/f'll:e/ ? = W, . Note that the product is invariant to right-multiplication of a
particular square root with any unitary matrix, and so \Il;/f is not unique. On
the right-hand side of (4.10), with ®)/> = Diag[(p;/Q] and Diag[(pf:/Q](p;/2 = @,
we define the square root H®? such that H®Y*®"/*H" = H®,H". Note
that while the magnitude of the elements in (p;/ > € CN is well-defined, namely
by |(p;/ 2| = /@, their complex argument may be chosen arbitrarily, and so
‘I{i/ ? is not unique. The non-uniqueness of both square roots implies that while
their respective products on both sides of (4.10) coincide, the said square roots

themselves generally do not, i.e. we have \Il;/z #* H@;/ ?. Hence, for a particular
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\I!;U/z and @f/ ?, we introduce the unitary matrix £ € CV*¥ which is such that

1/2 1 . . . .
\Ilm/e Q and H‘I>5/2 do coincide, i.e. we may summarize

/20 =H® )/, (4.28)
&> = Diag[@’?], (4.29)
Q0" =1, (4.30)

where right-multiplying each side of (4.28) with its Hermitian yields (4.10). At
this point, in order to stress the meaning of (4.28)—(4.30), we add that the

column vectors [‘Il;/f]n and [H®?).,, = h,, ¢ form generally different bases?
of the same vector space, and hence 2 implements a change of basis.
Applying (4.6) to (4.28)—(4.29) and noting that 17 Diag[(p;h] = (pST/2, we find
that (p;/ * and Q satisfy

L= (V0 = 9., (4.31)

where right-multiplying each side of (4.31) with its Hermitian yields (4.13). We

further note that if £ was known for a given square root \Il;/f, then (p;/ * could

be obtained from (4.31) immediately. In the following, we refer to (4.28)—(4.31)
as the square-root signal model.

4.4.2 Orthogonal Procrustes-based Early PSD Estimate

In this section, based on the square-root signal model in (4.28)— (4 31) we seek
unitary and diagonal estimates Q and Diag[@. J /7] of @ and Dlag[(pS ’]. Similarly
to Sec. 4.3, we develop our discussion from the premise that estimates \Ilm/cz
and H of the early—correlation—matrix square root \Ill/ * and the RETF H in
(4.28) are readily available, with ¥/ / generally of rank N and i”H = 17. An

estimator of \Il;/z is described in Sec. 4.5.27 while Sec. 4.4.3 describes a recursive
update scheme for H.

Similarly to Sec. 4.3, now based on the square-root signal model in (4.28)—(4.30)
instead of the conventional signal model in (4.10), we define the approximation

2 A particular case is obtained for N = 1, where € and <I>i/2 are scalar, while H = h
and \Il;ﬁ 2= w;f are proportlonal column vectors. In this case, given an estimate ﬂ)iﬁ 2 we
may even estimate h by h = 1,[:1/2/[1,1)1/2]1, satisfying [fl]l =1, cf. (4.6). In essence, despite
somewhat different derivation and terminology, this is equivalent to the approach taken in
subspace-based single-source RETF estimation [147].
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error as a function of € and (p;/2, ie.
Bl ¢%) = ¥°Q - HDiagle!/"], (4.32)

which is akin to E.(¢@s) in (4.16), and where the subscript sq stands for square
root. Further, now based on the square-root signal model in (4.31) instead of
the conventional signal model in (4.13), we define a soft-constraint error as a

function of 2 and (p;/ ? to be penalized as

esq(nv (p;/Q) = [‘ilalv/jﬂ}f: - (p;/Q

= [Ex(2, /)], (4.33)

5t

which is akin to e.(@s) in (4.22). Note that while e.(¢s) defines a error on the
sum of the early PSDs, e (Q, (p;/ 2) instead defines an error on each of the early
PSD square roots and is therefore more informative. Based on (4.32), (4.33),
and the unitary constraint in (4.30), we define the minimization problem,

192,6.) = axgmin [Bey(2, @)+ alleaq(€2. 01
2, 0/7
s.t. QQ7 =1, (4.34)

which is akin to the conventional MP in (4.23) and referred to as the square-
root minimization problem (square-root MP) in the following. While the
unitary constraint in (4.34) does not have an equivalent in (4.23), the inequality
constraint @, > 0 used in (4.23) is not required in (4.34), as in the square-root
signal model, we find that @, = Diag[(pf/ ] ;/ ? and therefore the corresponding
estimate @, is guaranteed to be non-negative. Problems of the kind as in (4.34),
i.e. Frobenius-norm minimization problems seeking a unitary and a diagonal
matrix, here €2 and Diag[(pi/ ?], constitute a generalization [173] of the so-called
orthogonal Procrustes problem [173-175], which seeks a unitary matrix only.
As outlined in the following, under a specific rank condition, the orthogonal
Procrustes problem has a unique closed-form solution, which is found by means
of the SVD [174,175]. The generalized orthogonal Procrustes problem, on
the contrary, does not have a unique closed-form solution, but may be solved
iteratively [173]. In particular, along the lines of [173], we propose to solve

(4.34) by alternatingly (re-)estimating € and (p;/ * until convergence is reached,
namely by solving the orthogonal Procrustes problem and the soft-constrained
convex problem, respectively,

Q0 = arg min [ By, (€2, 912071
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s.t. QO =1, (4.35)

1@ = argmin [Bo(Q©, 0|7
0.

2
2’

+ alley (W, @7

(4.36)

where the soft constraint is applied in (4.36) only, i.e. once per iteration. Using
(4.32), by expansion of the Frobenius norm in (4.35) as in Appendix B.1, it is
easily shown [174,175] that (4.35) is equivalent to

QW = arg max%[tr[ﬂcgé_l)]]
Q
s.t. QQ7 =1, (4.37)

with CU~Y = Diag[@. 20"V ¥ /2. (4.38)

If C¢~Y has full rank, which (without sufficiency) requires N < M, the
problem in (4.35) has a unique closed-form solution, which is based on the SVD
of C*I(=1) [174,175]. Precisely, if we decompose C#1(=1) as

cHli-) — y zu”, (4.39)

where ¥ € RV*¥ is a diagonal matrix of singular values and both U, € CVN*V
and U, € CN*N are unitary, then Q) is given by

Qv = u,ur, (4.40)

as shown in Appendix B.2. With (4.32) and (4.33), the solution to (4.36) is
easily found as

(f);/2|(i) — A lp® (4.41)

sq Psq
with A, € RV*Y and bg? € CV defined by
Ay = Diagg[H"H] + o, (4.42)
b)) = diag[H" (I + ii”) ¥ /> Q"]

= diag[H* ¥ /2Q)] + o[ ¥ /2Q0]] . (4.43)
The set of equations (4.42)—(4.43) is akin to (4.26)—(4.27) for the conventional
MP. Note that for ae — oo, the soft constraint in the square-root MP in (4.36)

. . ~ 1/2|(2
becomes a hard constraint and, moreover, solely determines @ s/ I( ), namely as
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e = [\III/QQ(Z)} (. according to (4.41)—(4.43). This is not the case for the
soft constraint in the conventional MP in (4.23).

Note that since the problem in (4.34) is non-convex, the iteration in (4.35)—(4.36)
is not guaranteed to converge to a global minimum [173]. The initial value

(f);/ 210 of the iteration may, e.g., be chosen based on the sum constraint in

(4.13) as @;/2‘(0) = /[¥,.]1.1/N 1, or based on the comparably lowly complex

estimator in (4.17)-(4.18), here denoted by @,c,, as @s J21© = \/®g|c,- Here,
the latter provides faster convergence, cf. Sec. 4.6.1.4.

4.4.3 Recursive RETF Update

Based upon the square-root model in (4.28), the estimates Q and (f);/ ? obtained
as discussed in Sec. 4.4.2 may also be used to recursively update the RETF
estimate H. In the following, we differentiate the prior and posterior estimates
H and HJr and propose to simply propagate the posterior in the previous frame

to the prior in the current frame, i.e.
H(l) = H*(I—1). (4.44)

In each frame, we use H to obtain © and ¢ with (4.35)—(4.36), and then

use € and (E)i/ > to obtain H* , where we again resort to the square-root signal
model in (4.28). To this end, we define the approximation error as a function of
H

Ey(H) = ¥./°Q — HDiag[.], (4.45)

which is similar to (4.32). Based upon (4.45) and the constraint in (4.6), we
define the minimization problem,

H* = argmin||Byq (F)|[+ || (8 - H) Diag[V/B]]

s.t. iTH=17, (4.46)

where the penalty term H (H—H) Diag [\/B ] ||12: relates to Levenberg-Marquardt
regularization [179,180] in that it penalizes deviation from the previous (i.e.,
the prior) estimate H. Here, we leave 8 subject to tuning, as outlined below.
In this respect, recall that according to (4.28), both \Ili/f and H span the same
column space. However, due to modeling and estimation errors, this is not

necessarily true for the corresponding estimates ‘il;/Q and H. In particular, if
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the n'® source image has a comparably low early PSD ¢, or is inactive, then
the associated subspace dimension will not be well or not at all be represented
in \il;/f, and both [Qs]n and @Zf may exhibit comparably large estimation
errors. Further, the estimate @;/2 may contain residual late reverberation due
to erroneous separation of ¥, into ¥, and W,,, cf. (4.9), Sec. 4.5 and Sec.
4.6. In such a case, one would preferably rely on the prior estimate h,, instead
of updating based on [§2,]..,, and ¢, Considering the solution to (4.46), which
is given by

], =17, (4.47)

A

(]2, = [(¥/°Q Diag[¢./?] + H Diag|[8)])
: Diag_l [(f)s + /B]] M, (448)

we indeed find that the smaller ¢, as compared to 8, = [8],, the more fl;
relies on h,,, as desired. In order to further increase robustness against modeling
and estimation errors, source inactivity and residual late reverberation in ¢,
we propose to make (3, time-varying with binary values. More precisely, we
base (3,, on the power ratio

5 = (E)s/(]-T(f)s + SDreg), (449)

where &, = [£], € [0, 1]. Here, ¢, may be used for regularization, e.g., we
may choose @req = @, in order to limit &, in frames where pre-dominantly late
reverberation is estimated. Given &,, we set 3, as

(4.50)
— oo else,

s {: B if & > &
and thereby resort to fl; =h, if &, is smaller than the pre-defined threshold
&ip. The value B, used if £, > &, should scale in relation to the dynamic range
of s, and may be chosen depending on the (estimated) probability density
function of the complex STFT coefficients s,,, cf. Sec 4.6.

Note that in order to start the recursion defined by (4.44), (4.35)-(4.36), and
(4.46), an initial estimate H(0) is required, which may be based on, e.g., initial
single-source RETF estimates acquired from segments with mutual-exclusively

active sources [147], or some initial knowledge or estimates of the associated
DoAs [84,145,146].
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4.5 Subspace-based
Early Correlation Matrix Estimation

In Sec. 4.3 and Sec. 4.4, we respectively assumed that the early-correlation-
matrix estimate \ilxe and its square root \il;/z of rank N are available. In this
section, we discuss how to obtain these estimates from the microphone signals x.
We estimate ¥, = E[xx*"] by recursively averaging xx", yielding the smooth
estimate W, ., and its equally smooth subspace representation based on the
GEVD. From the latter, we first define a desmoothed estimate W, and second
extract the early component \ifwe and its square root \ifi/z

In Sec. 4.5.1, we introduce the subspace n}odel of ¥,. In Sec. 4.5.2, we obtain
the smooth and desmoothed estimates W, ., and W, respectively. In Sec.

4.5.3, given lilm, we then retrieve subspace-based rank-N estimates \ilm and
@2

4.5.1 Correlation Matrix Subspace Decomposition

In each frame I, we define the GEVD [150] of ¥, and the diffuse coherence
matrix T, cf. (4.14), i.e.

v, P =TPA,, (4.51)
with A, = Diag[A,], (4.52)

where A\, € RM comprises the generalized eigenvalues, and the columns of
P € CM*M comprise the associated generalized eigenvectors. In the GEVD,
the generalized eigenvectors in P are uniquely defined up to a scaling factor, and
for any factorization I' = I'/2T'"/2 we find that T'"/?P is column-wise orthogonal
due to ¥, being Hermitian. In the following, without loss of generality, we
assume the eigenvectors to be scaled such that T'"/?P is unitary, i.e.

PTP =1, (4.53)
and therefore, combining (4.51) and (4.53),
PYw, P =A,. (4.54)

An alternative, but mathematically equivalent formulation to the GEVD in
(4.51) is given by the EVD of the pre-whitened matrix ¥/ = I'""/>¥, T'~"/2
[68,147,149], which is defined by ¥/ P’ = P’A!. By comparison with (4.51),
we find A/, = A, and P’ = T'"/?P, provided that the respective (generalized)
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eigenvalues are sorted in the same order, and the (generalized) eigenvectors are
scaled accordingly.

For convenience of presentation, assume that the generalized eigenvalues in
A are sorted in a descending order, and the generalized eigenvectors in P are
sorted accordingly. Then, inserting ¥, = ¥, + ¥,, with ¥,, = ¢, T, cf. (4.9)
and (4.14), into (4.54) while making use of (4.53) yields

A, =P U, P+ o1, (4.55)

wherein ¥, and in consequence P¥ W, P generally have rank N, and the latter
in addition is diagonal, i.e. if N < M we have

A, O

PO, P=|"" (4.56)
00

with A, = Diag[A.,], (4.57)

and A, € RY.

4.5.2 Recursive Correlation Matrix Estimation
and Desmoothing

We compute a smooth estimate \ilﬂsm of ¥, by recursively averaging xx” using
some pre-defined forgetting factor ¢ € (0, 1), i.e.

\ilw|sm(l) = C‘ilmlsm(l - 1) + (1 - Q)X(I)XH(l)v (458)

and perform the GEVD ¥,,,,P = T'PA,, similar to (4.51)—(4.54), with P
an estimate of P and f&m‘sm = Diag[j\x‘sm} a smooth estimate of A,. Note
that in order to excite all subspace dimensions and the associated generalized
eigenvalues and hence to achieve a meaningful decomposition, \ilﬂsm needs to be
well-conditioned, and so ¢ must be sufficiently close to one. As discussed in Sec.
4.2, the PSDs ¢, and ¢,, may be highly non-stationary, while the associated
coherence matrices h,h and I' are commonly assumed to be comparably
slowly time-varying or even time-invariant. In theory, a linear combination
of the PSDs ¢, and ., is rendered by the unknown generalized eigenvalues
A of ¥, and I', i.e. also A; may be highly non-stationary. In contrast,
due to the (inevitable) recursive averaging in (4.58), the computed generalized
eigenvalues 5\1.|Sm of \ilx|sm and T are slowly time-varying if ( is sufficiently
large, i.e. non-stationarities are to some extent smoothed, and so would be
PSD estimates based on Xz‘sm or li'm‘sm. While smooth PSD estimates are
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commonly preferred in some applications (e.g., for perceptual reasons, in the
computation of spectral gains in speech enhancement [30]), others may exploit
non-stationarities (such as, e.g., the Kalman filter [51], where PSD estimates of
the observation noise act as a regularization term in the recursive update of the
state estimate [181, c¢f. Ch. 3]). Depending on the application, we therefore
propose to restore non-stationarities by desmoothing 5\1|5m, yielding an estimate

j\m of Ag.

To this end, we note that the recursive averaging in (4.58) may be considered
an element-wise filtering operation with x(1)x" () as the input, \ilr|sm(l) as the
output, and the (all-pole) z-domain transfer function given by (1—¢)/(1—¢z1).
Therefore, in order to desmooth j\w‘sm(l), we propose to apply the corresponding
(all-zero) inverse transfer function given by (1 — ¢271)/(1 — () followed by

non-negative thresholding, i.e.

Xa:\sm(l) - Cxx\sm(l - 1)
1-¢ ’

Ao (1) = max[X. (1), 0], (4.60)

where the thresholding in (4.60) avoids negative eigenvalue estimates, which
otherwise may appear in a limited number of frames due to modeling and
estimation errors. Note that the desmoothing operation requires the associated
generalized eigenvalues in :\z|sm(l) and ;\x|sm(l —1) to be sorted correspondingly.
This may be ensured by sorting P(l) such that P¥(I—1)T'P(l) ~ I, cf. (4.53),
and :\m|sm(l) accordingly, which can be done easily for large ¢ and the therewith
slowly time-varying GEVD [153]. Alternatively, recursive sorting may be
avoided if the GEVD is estimated recursively, e.g., by means of the power
method [182,183]. One may then define the corresponding desmoothed estimate
¥, via its decomposition

N() = (4.59)

A N

¥, P =TPA,, (4.61)

with A, = Diag[X.], (4.62)

where P remains unchanged.

4.5.3 Early Correlation Matrix Estimation and Factorization

Given P and A, in (4.61)-(4.62), we now retrieve the subspace-based rank-N

estimates ¥, and \il;/Q To this end, based on (4.55)—(4.57), we note that Ay,
may be estimated as

~

Ay, = [5\1]1:1\[ — Pa, 1, (4.63)
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where ¢, in turn may be obtained by averaging the last M — N generalized
eigenvalues in [A;]n+1.0 [68]. Considering (4.56)—(4.57), given A, = Diag[A,,]
from (4.63) and P! = PHT from (4.53), we can define a rank-N estimate of
v, as

. . (A, 0) .
v, =TP ‘ P T
0 0
= F[IS]: 1vA, []'S]:Hl:NF' (4.64)

From (4.64), we can further easily derive a square root \ili/z as

U2 =T[P].1.vA) (4.65)
with Ay = Diag[A/?], (4.66)

with arbitrary complex arguments of the elements in 5\;/5

Note that as opposed to the order presented in Sec. 4.5.2 and this section,
we may also apply desmoothing only after obtaining a smooth estimate of the
early correlation matrix and its square root, which showed to yield comparable
results in our simulations.

4.6 Simulations

In this section, we compare the algorithms based on the conventional and the
square-root MP as presented in Sec. 4.3 and Sec. 4.4, respectively. We assume
that an (initial) RETF estimate H is available, and that ¥, and \il;/ ? are
obtained as described in Sec. 4.5.

Apart from estimation errors in ‘1’197 \il;/f, and I:I, the performance of both
algorithms is subject to modeling errors, cf. Sec. 4.2. Unfortunately, due to
the model deficiencies in (4.9)—(4.15), exact and observable ground truth early
PSDs @, and ground truth RETFs H do not exist in a practical setup based
on realistic acoustic data. Therefore, in order to yield a broader understanding
of the algorithms’ behavior, we perform two kinds of simulations. In the first
kind, instead of generating time-domain data and estimating ¥, in the STFT
domain, we generate W, = W, directly based on (4.9)(4.14) and assumed
geometric and physical properties, i.e. ¥, is free of modeling and estimation
errors. This way, we are able to define exact ground truth early PSDs ¢, and
ground truth RETFs H that may be used to define exact performance measures.
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Further, the estimates \ilx and \il;/z obtained as described in Sec. 4.5 will be
free of estimation errors, such that the performance of both algorithms depends
on the RETF estimation error in H and the algorithmic settings in Sec. 4.3
and Sec. 4.4 only. We refer to these simulations as the model-based-data case.
In the second kind of simulations, we generate acoustic data in the time domain
from recorded speech signals and measured room impulse responses (RIRs),
and estimate ¥, in the STFT domain. This way, the setup becomes more
practical, however, evaluation becomes less trivial in terms of the definition of
performance measures, such that we need to define and rely on an approximate
ground truth early PSD @ as a reference. We refer to these simulations as the
acoustic-data case. The model-based-data case and the acoustic-data case are
discussed in Sec. 4.6.1 and Sec. 4.6.2, respectively.

4.6.1 Model-based Data

We define our performance measures in Sec. 4.6.1.1, discuss the data-generation
in Sec. 4.6.1.2, the algorithmic settings in Sec. 4.6.1.3, and the evaluation
results in Sec. 4.6.1.4.

4.6.1.1 Performance Measures

We define the RETF estimation error,

A

Ey=H-H, (4.67)

where i"Ey = [Egl;,. = 07 since both H and H satisfy (4.6), and based on
that the relative squared RETF estimation error,

tr[EZE
ey = 10log;g o HEL B

wEr e - v (4.68)

where we subtract N in the denominator in order to compensate for the fact that
the first row of H is known. Since the early PSDs @ are already a second-order
property of the underlying signal s, we define the PSD estimation error with
respect to the non-negative square root of @5 and @y, i.e.

€p, =V (f)s —V@Ps, (469)

and based on that the relative squared PSD estimation error,

e’ e
£,, = 10log;, f;(p“"- dB. (4.70)

S
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Figure 4.1: e, versus ey for conventional MP [—e—] and square-root MP [—]
with a = 10 at f = 2kHz.
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Figure 4.2: ¢, versus a for conventional MP [—e—] and square-root MP [—]
at eg = —10dB and f = 2kHz.

4.6.1.2 Data Generation

Let ¥, be available and free of modeling and estimation errors, i.e. we have
U, = ¥, with ¥, adhering to (4.9)—(4.14). We generate ¥, based on assumed
geometric and physical properties. We assume a linear microphone array of
M = 5 microphones with inter-microphone distance of 8 cm and the speed
of sound to be 340m/s. Further, we assume N = 3 sources, positioned at
(—30,0,60)° relative to the broadside direction of the microphone array. The
RETFs H are generated assuming omnidirectional microphones of equal gain as
well as free- and far-field propagation for the early components, i.e. H depends
on the DoAs only and is fully defined by the corresponding phase shifts between
microphones. The estimate H is generated by adding an error component Ep
according to (4.67), where the elements [Eg]. 2.as are drawn from independent
complex Gaussian distributions, yielding a particular ey according to (4.68).
The diffuse coherence matrix I' is computed assuming a spherical-isotropic
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sound field. The early PSDs ¢, are generated in the following manner. We
draw the real and imaginary parts of the elements of s from independent
Laplace distributions, which is a commonly assumed distribution for STFT
coefficients of speech [184,185], i.e. we have R[s,] ~ (1/b)e 2I%[sn]l/® and
Ksn] ~ (1/p)e2ISnll/b where the scaling parameter b is referred to as diversity.
Then, we define @, = Diag[s”]s, i.e. @; is the squared magnitude of s. Given
the above, we set ¥, = He H*" according to (4.10). Note that since v, =0,
is free of modeling errors, where ¥, = ¥, + ¥,, with ¥,, = ¢, T, cf. (4.9)
and (4.14), the component ¥, may be perfectly estimated from v, by means
of the GEVD as described in Sec. 4.5.3, yielding \ilz = V¥, independently of

. Further, note that next to H and @, via the GEVD, also T influences

the shape of the square root \Il e =w/ /2 in the sense of defining the basis for a

given vector space, cf. Sec. 4.5. 3 For each data-point in the evaluation, cf. Sec.

ol4 Yz

4.6.1.4, we simulate realizations of \Ilm7 \Ilm(_ and H.

4.6.1.3 Algorithmic Settings

In the model-based-data case, as opposed to the acoustic-data case, cf. Sec.
4.6.2.3, the sampling frequency and STFT-processing parameters are irrelevant
since we generate W, directly in the STFT-domain, cf. Sec. 4.6.1.2. Regardless,
we simulate frequencies up to f = 8 kHz, corresponding to a virtual sampling
frequency of f; = 16kHz. The soft-constraint penalty factor « in the
conventional MP in (4.23) and the square-root MP in (4.34) is simulated
in the range a € [1073,105]. We perform at most i,,.x = 20 iterations of the
associated iterative algorithms in (4.24)—(4.25) and (4.35)—(4.36). All but one of
our simulations consider a single frame [ only. In the one simulation considering
recursive behavior, we do not update H for the conventional MP, but we do
update H recursively for the square-root MP as described in Sec. 4.4.3. In
the latter case, in (4.49), since 'ill/f = 111;/92 is free of modeling and estimation
errors and therefore free of residual late reverberation, cf. Sec. 4.6.1.2, we set
¢reg = 0. In (4.50), the threshold &, is set as 10logy & = —2dB and § is
set as 8 = 20b?, with b the diversity of the Laplace distributions used in the
generation of @y, cf. Sec. 4.6.1.2.

4.6.1.4 Results

Fig. 4.1 shows the PSD estimation performance in terms of the relative squared
PSD estimation error €, for different values of the relative squared RETF
estimation error ey for the algorithms based on the conventional MP [—e—]
and the square-root MP [—] with o = 103 at f = 2kHz within a single frame
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6‘05 /dB

f/kHz

Figure 4.3: ¢, versus f for conventional MP [—e—| and square-root MP [—]
with a = 103 at (a) ey = 0dB, (b) ey = —10dB, and (¢) ey = —20dB. The
graphs denoted by [ ] correspond to 10log;, |h7h,/|/M dB for n’ # n.

[. In this figure and similar ones in the following, the graphs denote medians
over all 2™ realizations, cf. Sec. 4.6.1.2, and the shaded areas denote the range
from the first to the third quartile. As can be seen, for both the conventional
MP and the square-root MP, €, increases at a rate of about 10dB per 10dB
increase in ey until roughly ey = 0dB and ey = 5dB is reached, respectively,
after which €, begins to saturate. This saturation is due to the fact that both
algorithms yield non-negative estimates @, > 0, which limits the estimation
error at high values of €. The square-root MP outperforms the conventional
MP by at least 5.7dB for ey < 0dB, and by somewhat less for ey > 5dB.

Fig. 4.2 illustrates ¢, for different values of the soft constraint penalty factor «
for the conventional MP [—e—] and the square-root MP [—] at ey = —10dB
and f = 2kHz within a single frame [. We note that while o hardly impacts the
performance of the conventional MP, we generally reach larger improvements
for higher values of « in the square-root MP. Recall that the soft constraint in
the conventional MP is scalar-based, cf. (4.22), while the soft constraint in the
square-root MP is vector-based, cf. (4.33), and is therefore more informative.
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Figure 4.4: 582 versus g and i for square-root MP with a = 10% and (pl/ 210)
based upon (a) the sum constraint in (4.13) and (b) the estimator in (4.17)—(4.18)

at f = 2kHz.

The square-root MP outperforms the conventional MP by 2.5dB at low values
of a, and by 5.7dB at high values of . Interestingly, for both algorithms,
despite W, and \il;/f being free of estimation errors, the minimum of €, does
not occur at the highest values of «, but at around a = 10'. As compared to
higher values, the improvement is however mild.

Fig. 4.3 illustrates ¢, for different frequencies f for the conventional MP
[-e—] and the square-root MP [—] with a = 10® at (a) ey = 0dB, (b)
eg = —10dB, and (¢) eg = —20dB within a single frame /. Note that at some
frequencies, due to spatial aliasing, which occurs for two different DoAs if their
phase difference in each microphone is a multiple of 27, the two corresponding
DoA-based RETFs in H, cf. Sec. 4.6.1.2, will be identical, and therefore H
itself and consequently also ¥, and ¥/ / 2 w111 be rank-deficient. In our setup,
this situation occurs for f € {3 11,4. 91 6.22} kHz, cf. also the dotted lines
[ ] corresponding to 10log;, |h7’fhn/ |/M dB for n’ # n, which reach 0dB if
h,, = h,. As expected, by comparing Fig. 4.3 (a) to Fig. 4.3 (c), neither of the
two algorithms performs well in the proximity of these frequencies, independent
of ey. At other frequencies, however, the square-root MP outperforms the
conventional MP by roughly 5 to 7dB.

Fig. 4.4 demonstrates the effect in the median of the initial estimate @ /2O
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Figure 4.5: (a) eg(I+7) and (b) e, (I+7) versus r for conventional MP [—e—]
and square-root MP [—] with a = 103 at f = 2kHz and ey (l) = 0dB if H
changes at r = 32 and remains constant otherwise.

on the convergence behavior in terms of the relative squared PSD estimation
error 585) at iteration ¢ for different values of ey of the iterative algorithm in
(4.35)—(4.36) solving the square-root MP with o = 10 at f = 2kHz. The initial

value is based on (a) the sum constraint in (4.13) as L0 = (¥, ]11/N1,
and (b) the estimator in (4.17)-(4.18), here denoted by @|,, as (f);/z‘(o) =
V/@s|c,- In both cases, the algorithm converges to almost the same final value
of e,,. However, we find that in (a), convergence is reached at around i = 3 to
i = 4, while in (b), due to the improved initial estimate, convergence is reached
at ¢ = 1 already. Hence, while the computation of the initial estimate in (b) is
somewhat more expensive, we save 2 to 3 iterations as compared to (a).

Fig. 4.5 demonstrates the recursive behavior in terms of (a) e (I4r) and (b)
e, (I+7) with r the recursion index for the conventional MP [—e—] and the
square-root MP [—] with a = 10 at f = 2kHz and ey(l) = 0dB. Here, the
source positioned at —30° transitions to —40° at r = 32, resulting in a transient
change in the otherwise constant RETF H. While no update of the estimate H
is performed for the conventional MP, we do update H recursively for square-
root MP as described in Sec. 4.4.3. For the conventional MP, we expectably
find that e (I +7) and €, (I +7) remain constant except for a transient increase
of 6.8dB and 3.2dB at r = 33, respectively. For the square-root MP, due to the
recursive update of H, we find that ez (I +7) and e, (I +7) decrease by 5.2dB
and 4.7dB over the course of the first 32 recursions, followed by an increase of
11.2dB and 6.1 dB at r = 33, respectively, and a subsequent decrease at roughly
the same rate.
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4.6.2 Acoustic Data

We define the performance measures in Sec. 4.6.2.1, discuss the acoustic scenario
in Sec. 4.6.2.2, the algorithmic settings in Sec. 4.6.2.3, and the evaluation
results in Sec. 4.6.2.4.

4.6.2.1 Performance Measures

In the acoustic-data case, due to the model deficiencies in (4.9)—(4.15), cf. Sec.
4.2, exact and observable ground truth early PSDs @, and ground truth RETFs
H do unfortunately not exist, and so the performance measures in (4.67)—(4.70)
cannot be used. However, one may define approximate ground truth early
PSDs @ as a reference for evaluation. To this end, given the source signals
and RIRs of a particular acoustic scenario, cf. Sec. 4.6.2.2, we convolve the
source signals with only the early part of the RIR to the first microphone and
transform to the STFT-domain, yielding §, and set s = Diag[8”]§, i.e. @, is
the squared magnitude® of §. Note that the definition of the early part of the
RIR is somewhat arbitrary due to the weighted and overlapping windows in the
STFT-processing. For STFT windows of Ngrpr samples with 50% overlap, one
may, e.g., choose the first Ngppr or the first Norpr/2 taps of the RIR. Here, we
have chosen the first Ngrpr samples corresponding to 32 ms, cf. Sec. 4.6.2.3. In
our setup, we have found that different choices result in quantitatively different
performance, but not qualitatively different conclusions.

Given a segment of L frames of @, and @4, we decompose v/ @, according
to [176] as

Vo=V, +ell +elf, (4.71)

where /@, is the component of /¢, associated to /@, , i.e. the correctly

estimated component, el = [emt]n contains components associated to 4/ Ps,

Psn Ps
with n’ # n, i.e. erroneously estimated leakage or interference components
across sources, and ef;f = [ef;f]n contains components not associated to any
n :

\/@s,, 1.e. erroneously estimated artifact components. Exemplary spectrograms
illustrating the decomposition in (4.71) are shown in Fig. 4.6, cf. also the
discussion in Sec. 4.6.2.4.

Given L frames of v @y , eiﬁf and e’ ¢, we define the signal-to-interference ratio
SIR(k), the signal-to-artifacts ratio SAR(k), and the signal-to-distortion ratio

3 If subspace-based desmoothing, cf. Sec. 4.5.2, is not applied in the computation of
@5, one may instead choose a recursively averaged version of the squared magnitude as a
reference.
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SDR(k) per third-octave band x along the lines of [176] as

Zullveuk) [
2
" allet (kD)

SIR(r) = 10log, dB, (4.72)

(k, 1) int k D)
Sl V@s(k, 1) + el Hz dB,

SAR(k) = 101log;, S
ralled (

(4.73)

Sl ‘s(k,l)Hi
Spallei (k1) + et (k, 1))

with k =k_,...,k and k_ and k7 the frequency-bin indices of the lower and
upper band limits of third-octave-band x, and [ =0,..., L — 1.

SDR(k) = 10logy, dB, (4.74)

The decomposition in (4.71) relies on a segment of L frames of @ and
®s and is done in the following manner. Let @, be a vector stacking
the early PSD estimates ¢, of source m over L observed frames, i.e.

@, = (@S" 0) - @, (L— 1)) and let @, , @s,, €2 and ea” be defined
equivalently, such that \/@s, = 1/@s. +—e$stn +e%! , similarly to (4.71). Then,
we perform the orthonormal projection of each individual vector y/@s, onto the
one-dimensional subspace spanned by the corresponding vector /@, , yielding

V@5, with \/@,, x \/@s,, as well as onto the N-dimensional subspace
spanned by all N vectors /@, , yielding /@5, + giﬁf , which then allows us

int

to explicitly compute e
reader to [176].

art

and e7" . For further details, we refer the interested

Sn

4.6.2.2 Acoustic Scenario

We use RIRs of 0.61s reverberation time to a physical linear microphone array
of M = 5 microphones with an inter-microphone distance of 8 cm [26], similar to
the assumed microphone array in Sec. 4.6.1.2. We simulate N = 2 sources, using
female and male speech [25] as source signals. The sources are assigned to two
out of three possible source positions in 2m distance of the microphone array at
{—30,0,60}° relative to the broad-side direction, yielding six different speaker-
source-position combinations. From the two source signal files, we randomly
select 32 segments of 5s each. Per segment-pair, we generate microphone signals
for each speaker-source-position combination.
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4.6.2.3 Algorithmic Settings

In the acoustic-data case, the sampling frequency is f; = 16 kHz, and the STFT-
analysis and synthesis is based on square-root Hann windows of Ngppr = 512
samples (corresponding to 32 ms) with 50% overlap, resulting in L = 312 frames
per segment. The desmoothed correlation matrix estimate ¥, (cf. Sec. 4.5.1
and Sec. 4.5.2) is computed using ¢ = e~ NVst1/2fT with 7 = 160 ms. As in Sec.
4.6.1.2, I' is computed assuming a spherlcal isotropic sound field. Given v,
and I', we compute the estimates ¢5,, ¥,, and \le/ as described in Sec. 4.5.3.
We assume that the DoAs are known [84,145,146], and compute the (initial)
estimate H based on that. Note that in a reverberant environment, where the
free-field assumption does not hold, the RETFs are generally not only defined by
the DoA, but also by early reflections, and therefore we generally have H # H in
our setup. Similarly to the model-based data case, cf. Sec. 4.6.1.3, the penalty
factor « in the conventional MP in (4.23) and the square-root MP in (4.34) is
simulated in the range o € [1073,105]. We perform at most i,y = 20 iterations
of the associated iterative algorithms in (4.24)—(4.25) and (4.35)—(4.36). While
we do not update H for the conventional MP in Sec. 4.3, we consider two cases
for the square-root MP in Sec. 4.4, namely first where we do not update H,
and second where we update H recursively as described in Sec. 4.4.3. In the
latter case, in (4.49), since \il;/f is subject to modeling and estimation errors
and contains residual late reverberation, we set ¢ = ¢g,. In (4.50), the
threshold &, is again set as 10logy & = —2dB and [ is set per third-octave
band k as B(k) = 200%(k), with b(x) pre-defined as the diversity of the Laplace
distributions fitted to the real and imaginary parts of the STFT coefficients
of a training signal within third-octave band . Here, the training signal is
generated from the entire female and male speech source signals, cf. Sec. 4.6.2.2,
by convolving the early part of the RIR of the first microphone corresponding
to a source at 2m distance at 0° relative to the broadside direction, cf. also the
similar segment-wise definition of the reference signal 3,, in Sec. 4.6.2.1. Note
that while Z;(H) is pre-computed using all STET coefficients of both male and
female speech within third-octave band &, the actual distributions may vary
across speakers, across source positions, across individual frequency bins, and
across individual segments, cf. also Sec. 4.6.2.2.
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Figure 4.6: Exemplary spectrograms depicting
(a.n) estimates @5, , n = 1,2,
and their decomposition according to Sec. 4.6.2.1, i.e.

(b.n) the target components @ ,

. 2|int
(c.n) the interference components e li
Pon

(d.n) the artifacts components eilf:t

, and

The reference PSDs ¢, and @, originate from a female and a male speaker at —30° and 60°, respectively, and the
estimates @5 are obtained by means of the square-root MP.
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4.6.2.4 Results

Before discussing the performance of the conventional MP and the square-
root MP in terms of the measures SIR, SAR, and SDR, we first consider the
examplary spectrograms in Fig. 4.6 visualizing the decomposition of /@,
upon which these measures are based. In this example, the microphone signals
x and the reference PSDs ¢;, and @, originate from a female and a male
speaker at —30° and 60°, respectively, and the estimates @5, and ¢, in Fig.
4.6 (a.1) and Fig. 4.6 (a.2) are obtained by means of the square-root MP.
The correctly estimated components @, and s, in Fig. 4.6 (b.1) and Fig.
4.6 (b.2) are frequency-bin-wise scaled versions of the reference PSDs @, and
Ps,, Tespectively, cf. Sec. 4.6.2.1. As can be seen, the leakage or interference
components in eilsuft and eiljgt in Fig. 4.6 (c.1) and Fig. 4.6 (c.2) relate to the
opposing reference PSDs, cf. Fig. 4.6 (b.2) and Fig. 4.6 (b.1), respectively.

Finally, the artifact components eilfft and eilf:t in Fig. 4.6 (d.1) and Fig. 4.6

(d.2) do not relate to any of the reference PSDs, but rather to residual late

reverberation in the estimate \ilfl,;/f, cf. also Sec. 4.5.3, which is due to modeling

errors in (4.9)—(4.14) and a potential deviation of the late reverberant sound

field from the spatial coherence matrix I'. Note that in eilfft and eilf:t, the

energy is concentrated in the same spectro-temporal regions, indicating a similar
spatial sound field of these components.

Fig. 4.7 shows the median over all segments and speaker-source-combinations,
cf. Sec. 4.6.2.2, of (a) SIR, (b) SAR, and (c) SDR in third-octave bands for
the conventional MP [ B |, the square-root MP without recursive RETF update
[ ® ], and the square-root MP with recursive RETF update | & ]. Here, in each
third-octave band , we have selected a(r) such that SIR(k) is maximized for
each algorithm, i.e. the figure indicates their upper performance limit in terms
of SIR(r) with respect to the tuning of a(x). Note that in our setup, selecting
a(k) to maximize SAR(k) or SDR(x) does not lead to qualitatively substantial
differences. For the conventional MP, we have found values of a(k) < 1 to
be preferable in all third-octave bands s, indicating that the soft-constraint
penalty in (4.23) is not very useful in practice. For the square-root MP, with and
without recursive RETF update, we have found a(x) > 1 to be preferable in
third-octave bands below 0.5kHz, and «(x) < 1 to be preferable above 0.5kHz.
From Fig. 4.7 (a), we find that the square-root MP clearly outperforms the
conventional MP in terms of SIR in third-octave bands above 0.25kHz, with
improvements of 1dB to 6 dB, indicating better source-component separation
performance. Further, for the square-root MP, we find that the recursive RETF
update mildly improves the performance by up to 1 dB. Recall that the initial
RETF estimate H is based on the correct DoAs, but does not consider early
reflections, cf. Sec. 4.6.2.3. From Fig. 4.7 (b), we note that for all algorithms,
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Figure 4.7: (a) SIR, (b) SAR, and (c) SDR in third-octave bands for conventional
MP [ m ], square-root MP without recursive RETF update [ B ], and square-root
MP with recursive RETF update [ & |.

we have SAR(k) < SIR(x) in third-octave bands above 0.5kHz, indicating
comparably strong residual late reverberation. The square-root MP performs
slightly worse than the conventional MP in terms of SAR in third-octave bands
above 0.25 kHz, with degradations of less than 1dB. In the square-root MP,
recursive RETF updating results in minor differences only. As can be seen from
Fig. 4.7 (c), we find that the square-root MP outperforms the conventional
MP in terms of SDR, however, due to the comparably strong residual late
reverberation, by much less than in terms of SIR. Again, in the square-root
MP, recursive RETF updating results in minor differences only.
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4.7 Conclusion

We have discussed early PSD estimation and recursive RETF updating in
the STFT domain for multiple sources in reverberant environments, based on
a commonly used multi-microphone correlation matrix model, given (initial)
RETF estimates. State-of-the-art approaches to early PSD estimation formulate
a minimization problem on the approximation error with respect to an estimate
of the early correlation matrix, referred to as conventional MP. Instead, we
here have factorized the early correlation matrix model and formulated a
corresponding minimization problem on the approximation error with respect to
an estimate of the early-correlation-matrix square root, which we referred to as
the square-root MP. The square-root MP seeks a unitary matrix and the square
roots of the early PSDs up to an arbitrary complex argument, and therewith
constitutes a generalization of the orthogonal Procrustes problem. As opposed
to the conventional MP, non-negative inequality constraints are not required in
the square-root MP. The square-root MP may be solved iteratively, requiring
one SVD per iteration. Based on the estimated unitary matrix and early PSD
square roots, we are further able to recursively update the RETF estimate,
which is not inherently possible in the conventional approach. The respectively
required estimates of the early correlation matrix and the early-correlation-
matrix square root may be obtained from an estimate of the microphone signal
correlation matrix and the diffuse coherence matrix by means of the GEVD.
Hereat, in order to compensate for inevitable recursive averaging, we have
restored non-stationarities by desmoothing the generalized eigenvalues.

In order to evaluate the proposed approach, we have performed two kinds of
simulations. In the first kind, the data is generated based on the microphone
signal correlation matrix model and assumed geometric and physical properties,
excluding modeling errors from the evaluation. This is referred to as model-
based-data case. In the second kind, the data is generated from recorded speech
and measured RIRs, creating a more practical setup. This is referred to as
acoustic-data case. In the model-based-data case, the simulation results indicate
better performance of the square-root MP as compared to the conventional MP
in terms of the relative squared PSD estimation error. If initialized accordingly,
the square-root MP can be solved in only one iteration. In the acoustic-data
case, the simulation results indicate better performance of the square-root MP as
compared to the conventional MP in terms of the source-component separation
measured by the signal-to-interference ratio. Both the square-root MP and
the conventional MP suffer somewhat from residual late reverberation in the
early-correlation-matrix estimate.
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Abstract

The previously introduced short-time Fourier transform (STFT) domain-based
integrated sidelobe cancellation and linear prediction (ISCLP) Kalman filter
exhibits a quadratic computational cost in the number of filter coefficients and
channels per frequency bin. In this chapter, as low computational complexity is
required in many applications, we strive to simplify the ISCLP Kalman filter
update equations. Specifically, we propose to enforce the state estimation error
correlation matrix to assume sparse structures by negligence of either temporal,
spatial, or all cross-correlations, leading to linear cost in the number of filter
coefficients, the number of channels, or both the number of filter coeflicients and
channels, respectively. In simulations, we show that the simplified variants of
the ISCLP Kalman filter perform nearly as well as the original variant, thereby
permitting far more favourable trade-offs between complexity and performance.

Index terms — Complexity reduction, Kalman filter, integrated sidelobe
cancellation and linear prediction.

5.1 Introduction

In Ch. 3, we have proposed the short-time Fourier transform (STFT)
domain-based integrated sidelobe cancellation and linear prediction (ISCLP)
Kalman filter for joint dereverberation, interfering speech cancellation and noise
reduction. In terms of computational complexity, although being cheaper than
comparable state-of-the-art approaches [112,113,116], cf. Sec. 3.5.1, the ISCLP
Kalman filter exhibits a quadratic cost in the number of filter coefficients and
channels per frequency bin. In many applications however, such as mobile
telephony [34,35] and hearing devices [39—41], low computational complexity is
required due to device-specific hardware constraints such as limited processing
power, memory and battery life.

In adaptive filtering, several low-complexity variants of recursive least squares
(RLS) exist, e.g., fast transveral RLS algorithms [50, 186] or numerically
better-behaved fast QR decomosition-based RLS algorithms [187,188]. These
algorithms reach linear instead of quadratic cost in the number of filter
coefficients, where complexity reduction is achieved by exploiting the structure
of the filter input vector, which is commonly composed by shifting consecutively
delayed samples of the same signal at each recursion.

Here instead, we consider complexity reduction of the Kalman filter by
negligence of cross-correlations in the state estimation error correlation matrix,
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thereby enforcing it to assume a sparse structure. In audio signal processing,
simplifications of this kind have been proposed in [98,102,189-192], likewise
reaching linear instead of quadratic cost in the number of filter coefficients
[102,189] or, in case of partitioned-block frequency domain (PBFD)-based
processing, in the number of filter partitions [98,190-192]. In the time domain
Kalman filter in [189], the state estimation error correlation matrix has been
simplified by replacing the outer product of the Kalman gain and filter input
vector in the associated update term by a corresponding inner product. In
PBFD-based Kalman filtering [98,190-192], state estimation error correlations
across partitions are commonly neglected. Akin to that, we have proposed the
STFT domain-based low-complexity multi-channel linear prediction (MCLP)
Kalman filter [102], where temporal cross-correlations have been neglected.

This chapter may be viewed as an extension of our previous work on the
low-complexity MCLP Kalman filter [102]. We propose to apply the same
concept to the ISCLP Kalman filter, and in addition to neglecting temporal
cross-correlations obtaining linear cost in the number of filter coefficients, we
also consider neglecting spatial cross-correlations as well as neglecting all cross-
correlations, obtaining linear cost in the number of channels, and linear cost
in both the number of filter coefficients and channels, respectively. In our
experimental validation adopting the same simulation setup as for the original
ISCLP Kalman filter in Ch. 3, we show that the simplified variants of the
ISCLP Kalman filter perform nearly as well as the original variant, thereby
permitting far more favourable trade-offs between complexity and performance.
A MATLAB implementation is available at [154].

The chapter is organized as follows. In Sec. 5.2, we review the ISCLP Kalman
filter. The complexity reduction schemes for the ISCLP Kalman filter are
outlined in Sec. 5.3. In the simulations in Sec. 5.4, we examine the achievable
trade-off between complexity and performance for the simplified variants of the
ISCLP Kalman filter. The chapter is concluded in Sec. 5.5.

5.2 Review of the ISCLP Kalman Filter

Throughout the chapter, we use the following notation: vectors are denoted by
lower-case boldface letters, matrices by upper-case boldface letters, 1 denotes a
vector of ones, A*, A" and A", denote the complex conjugate, the transpose,
and the complex conjugate transpose of a matrix A. The operation diag[A]
creates a column vector from the diagonal elements of a square matrix A,
Diag[a] creates a diagonal matrix with the elements of a on its diagonal, and
and tr[A] denotes the trace of A. Subvectors are referenced by sets of indices,
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i.e. the subvector of a composed of all its elements with indices in the ordered
set S is denoted as [a]cs. Similarly, masked vectors are denoted by (a)cg,
with all except the elements in the ordered set S nullified, or by (a);, with
all except the i*" element nullified. The operator := denotes a simplification,
where the expression on the left-hand side is replaced by the computationally
less expensive expression on the right-hand side.

In this section, we define the signal model in Sec. 5.2.1, and review the ISCLP
Kalman filter in Sec. 5.2.2.

5.2.1 Signal Model

The ISCLP Kalman filter relies on the signal model in Sec. 3.2, which is not
repeated here in all detail for the sake of conciseness. Instead, it shall suffice to
note that the multi-microphone signal is represented in the STFT domain by the
vector y(I) € CM per frequency bin, where the frequency bin is not explicitly
indexed, M denotes the number of microphones, and ! the frame index. Here,
y(l) contains N mutually uncorrelated reverberant speech components x,, () as
well as the diffuse (e.g., babble) noise component v(l), i.e.

N
y() =3 x00) + v(0). (5.1)
n=1

Let x, (1) be composed of the early and late reverberant components x,(l) =
h,,(1)s, (1) and x,¢(1), respectively, i.e.

Xﬂ(l) = anc(l) + Xn\[(l)y (52)

where

Xn\e(l) = hy(1)sn (1) (5.3)

with s, (1) the early source images, whereof Ny < N early source images are
defined as target source images, and with h,, (1) € CM the associated RETFs.
Let s7 (1) € CNT and Hr (1) € CM*NT respectively stack the early target source
images and their RETFs, and let

X7 (1) = Hr (D)sr(1). (5.4)
We seek to estimate the target component defined by
ST(l) = 1TST(Z). (55)

We assume the reverberant speech components x, (1) to be spatio-temporally
correlated due to reverberation, but the early source images s, () to be on the



132 LOW-COMLEXITY ISCLP KALMAN FILTERS

one hand temporally uncorrelated and on the other hand uncorrelated to the
late reverberant component X, ,(/) in frame /. The diffuse noise component
v(l) is assumed spatially, but not temporally correlated. For a more detailed
discussion of the signal model, we refer the interested reader to Sec. 3.2.

5.2.2 The ISCLP Kalman Filter

In order to estimate s (l), the ISCLP Kalman filter embeds adaptive filtering
in the ISCLP architecture, which integrates the generalized sidelobe canceller
(GSC) and multi-channel linear prediction (MCLP). As a pre-requisite to
adaptive filtering, the ISCLP architecture performs spatio-temporal pre-
processing of y(I) by means of a matched filter (MF), a blocking matrix (BM),
and a delay. Precisely, cf. Sec. 3.3.1, based on the L most recent frames of y(1),
we define the spatio-temporally pre-processed signals ¢(I) and u(l) € CEM-Nr
as

q(l) = g" (O)y (1), (5.6)
B*(1)y(l)

u(l) = ya__l) , (5.7)
y(l—L+1)

where the MF g(I) € CM and the BM B(l) € CM*XM=N7 are such that [32,42)]
g"(DH7 (1) = 17, (5.8)

B*(Hz(l) = 0. (5.9)

In practice, the design of g(l) and B(l), cf. Sec. 3.3.1, requires an estimate
of Hr(l), which we assume to be given, cf. Sec. 3.4.2 and Ch. 4. With
Xer(l) = Hr(l)sr(l) and (5.6)-(5.9), we note that g(I) contains the target
component sr(l) in the current frame I, while u(l) contains Hrp (I —1")sp(I—1)
for I’ > 0, but not for I’ = 0. Both ¢(I) and u(l) further contain correlated
(residual) nuisance components. Given ¢(I) and u(l), we then define the enhanced
signal e(l) = 87 (I) in the ISCLP architecture as

e(l) = 87(1) = q(l) =" (u(l), (5.10)

with W(l) € CEM=NT the adaptive filter of L (multi-channel) coefficients. Based
on the spatio-temporal structure of u(l) in (5.7), the adaptive filter w () may be
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split into the multiplicative sidelobe cancellation (SC) filter Wy.(l) € CM~Nr
applied to B#(I)y(l), and the convolutive linear prediction (LP) filter W,(l) €
CE=DM applied to y(l=1) for I’ > 0. Note that due to the spatio-temporal pre-
processing in (5.7) and the assumption that s, (1) is on the one hand temporally
uncorrelated and on the other hand uncorrelated to x,¢(l), cf. Sec. 5.2.1, we
have E[u(l)s¥(1)] = 0, which allows for unconstrained, recursive adaptation of
w(l).

The adaptation of w({) is performed by means of the Kalman filter, cf. Sec.
3.3.2. To this end, we interpret w(l) as the estimate of the true state w(l). The
true state is defined by a state-space model comprising the process equation
and measurement equation, respectively given by

w(l) = Vaw(l—1) + wa(l), (5.11)
¢ (1) = u" ()w(l) + s (1), (5.12)

Here, the parameters of the process equation in (5.11) are considered subject
to tuning, with o € (0,1) a forgetting factor, and w,(l) the process noise with

correlation matrix ¥,,, (I). We define ¥, (I) = (1 — a)¥,,, where we recall
that the diagonal matrix ¥, is a rough guess of the presumed time-invariant
correlation matrix W, of w(l). The measurement equation in (5.12) is defined
by the premise that e(l) = 8r(l) = sp(l) if w(l) = w(l), cf. also (5.10). In
(5.12), sk (1) resembles the measurement noise with PSD ¢, (1), whereof we
assume an estimate to be given, cf. Sec. 3.4.2 and Ch. 4. In the Kalman
filter, we distinguish the prior and posterior estimates w(l) and W™ (l) based on
(5.11) and (5.12), respectively. With W (1) and ¥ (1) denoting the correlation
matrices of the corresponding state estimation errors w(l) = w(l) — w(l) and
wt(l) = wt(l) — w(l), minimization of tr[®;(1)] and tr[®}(1)] leads to the
Kalman filter update equations [51,52]

w(l) = vVawt (1 1), (5.13)

V() =aWt(l—1)+ (1 —-a)¥,, (5.14)
e (1) = ¢* (1) —u" ()W (), (5.15)
pe(l) = u" () ¥y (Na(l) + s (1), (5.16)

k(1) = T (ul)p: (), (5.17)

Wt (1) = w(l) + k(e (1), (5.18)

(20 (D) = Tal) ~ (u” () L), (5.19)
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where (5.13)—(5.14) and (5.18)—(5.19) are referred to as the time and the
measurement update!, respectively, and (5.15) is equivalent to (5.10). With
Ww(l) being a prior estimate of w(l), we may consider e(l) = §r(I) in (5.15) a
prior estimate of 7(1). A posterior-like estimate et (1) = 85(I) can be defined,
cf. Sec. 3.3.3, as a spectrally post-processed version of e(l) by

v(l) = max L'jo"”:((ll)),ﬂfy(l -1, (5.20)
et (1) = 87(1) = v(We(D), (5.21)

with 8 € [0, 1] limiting the gain decay.

The update equations (5.13)—(5.19) are initialized by w(0) = 0 and ¥ ;(0) = ¥,,,
where we recall that the diagonal matrix ¥, is a rough guess of the presumed
time-invariant correlation matrix W,, of w(l). In this respect, it should be noted
that the ISCLP Kalman filter essentially contains the MCLP Kalman filter
in [102] as a special case, which is obtained if the SC filter component Wi (1)
of W) (1) remains zero at all times. With 4, = diag[¥, ] and 1, € RM~N7
denoting the subvector of 1, associated to the SC filter, this may be ensured by
setting @Zwsc = 0, which corresponds to assuming a purely reverberant scenario.

We complete this review by stressing that in a practical implementation, the
performance of the ISCLP Kalman filter is subject to modeling errors due to
deficiencies in the microphone signal model, cf. Sec. 3.2 and Sec. 3.4.1, and the
ISCLP state-space model, cf. Sec. 3.3.2 and Sec. 3.4.3, as well as parameter
estimation errors, i.e. errors in the estimates of Hp(l) and ¢, (1), cf. Sec.
3.4.2 and Ch. 4. For further details on the motivation, the derivation, and the
implementation of the ISCLP Kalman filter, we refer the interested reader to
Sec. 3.3 and Sec. 3.4.

5.3 Complexity Reduction

Given the ISCLP Kalman filter update equations in (5.13)-(5.19), we strive to
reduce their computational complexity by introducing reasonable simplifications.
We consider computational complexity in terms of multiplications only,
disregarding the inversion of the scalar p.(I) in (5.17). In what follows, we

INote that with (5.17), the update term k(l)u (I)¥ (1) in (5.19) may also be written as
k(D)u® (1)® 5 (1) = k(1)k* (I)¢e (1) and hence is Hermitian, as expected for a correlation matrix.
If the Kalman filter is implemented in finite-precision arithmetic, however, the numerically
better-behaved but computationally more complex so-called Joseph form [51,52] of the update
term may be preferred over k(l)u®? (I)® 4 (1). Here, we assume infinite precision and therefore
base the following discussion on (5.19), but note that it similarly applies to the Joseph form.
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make use of the operator - in order to explicitly denote products of interest.
We discuss the complexity of the original ISCLP Kalman update equations
(5.13)—(5.19) in Sec. 5.3.1, define three kinds of simplifications in Sec. 5.3.2,
and present an equivalent multiple Kalman filters formulation of the simplified
ISCLP Kalman filters in Sec. 5.3.3.

5.3.1 Complexity of the Original ISCLP Kalman Filter

We may distinguish products with computational costs of O(LM) and O(L?M?)
multiplications, where the latter obviously dominate the total cost. Products of
O(LM) cost are

e Va-wt(-1)in (5.13),
o u(l)-w(l) in (5.15),
e u(l)- Wy(lu(l) in (5.16), where W4 (1) u(l) is a vector,
o Ty(l)ul) ¢ (1) in (5.17),

o and k(I) - e*(I) in (5.18).
Products of O(L?M?) cost are

e a-UL(l—1)in (5.14),

o W;(l)-u(l)in (5.16), which also appears in (5.17) and (5.19) but is
assumed to be computed only once,

e and k(I) - u” ()T (1) in (5.19).

The exact number of required multiplications can be found in Table 5.1 for
case (a). In this table, products are distinguished by the input domains of their
factors, i.e. R xR, R x C, and C x C, which may result in different usage of
million instructions per second (MIPS) depending on the employed soft- and
hardware architecture.



Table 5.1: Complexity in terms of required multiplications with input domains R x R, R x C, and C x C of the Kalman
filter update equations for (a) preserved cross-correlations, (b) omitted temporal cross-correlations, (c¢) omitted spatial
cross-correlations, and (d) omitted spatio-temporal cross-correlations. The simplified variant of (5.19) using, e.g., (5.24)
is denoted by (5.19|5.24), and similarly for the other simplified variants.

Eq.\D"mam R xR RxC CxC
(5.13) (a)—~(d) || 0 LM — Nt 0
(a) 1/2L?M? — ({/2+ Np) LM + 1/aN% 4 1/aNp
(5.14) (b) LM — Ny 1/2LM? — (/2L + N7) M + 1/2NZ + 1/2Np 0
(c) 1/2L?M — L (/oM + Nr) + Nr
(d) 0
(5.15) (a)—(d) || 0 0 LM — Nr
(a) L?>M? — 2Ny LM + N2
Gis) P 0 LM — Nr LM?* ~ 2Nz M + N3
(C) LQM—QNTL—FNT
(d) LM — Nr
(5.17) (a)—~(d) || 0 LM — Nt 0
(5.18) (a)—(d) || 0 0 LM — Np
(5.19) (a) 1/2L2M? 4 (/2 — Np)LM + 1/2N7 — 1/2Nr
(5.19]5.24) (b) 0 0 1/o2LM? + (1/2L — N7) M + 1/2NZ — 1/2Nr
(5.19]5.25) (c) 1/oL?M — L (*/aM — Nr)
(5.19]5.26) (d) LM — Nr
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1/o2LM? + (3/2L — Np) M + 1/aNZ — 3/2Np
1/oL?M + L (3/2M — Nr) — Nr

2LM — 2Nr

3/2L*M? + (5/2 — 3N7)LM + 3/2NZ — 5/2Nr
3/sLM? + (5/2L — 3N7)M + 3/2N7 — 5/2Nr
3/oL°M + L(5/2M — 3N7) — Nr

4ALM — 4Nr
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5.3.2 Complexity Reduction by Cross-Correlation Negligence

In order to reduce the computational complexity of the Kalman filter, we
may simplify the products of O(L?M?) cost, namely a - ¥t (1—1) in (5.14),
Wi (1) -u(l) in (5.16), and k(1) - u? ()P (1) in (5.19). At this point, we note
that the cost of the products a - Wt (I —1) and W4(1) - u(l) directly depends on
the number of non-zero elements in Wt (I —1) and W4(1), which in general are
full matrices and therefore have O(L?M?) non-zero elements. This may easily
be verified by noting that the update term k(I) - u” (I)® 5 (1) in (5.19) in fact
is an outer vector product, and therefore necessarily is a full matrix of rank
one. Hence, in order to simplify the Kalman filter update equations, we propose
to simplify the update term k(l)u”(1)¥ (1), i.e. to perform sparse updates

instead and thereby keep lIIS_)(Z) sparse.

Particularly, we define the sparse update based on the assumption that some of
the off-diagonal elements in \IIS_)(Z), which represent cross-correlations of the
state estimation error W (l), are negligible? and may hence be omitted. More
specifically, as in the MCLP Kalman filter in [102], we may assume that, e.g., the
temporal cross-correlations are negligible, yielding O(LM?) non-zero elements

in \Ilq(;)(l). Note that while the MCLP [102] and the ISCLP Kalman filter
operate in the (weighted overlap-add-based) STFT domain, this assumption
directly corresponds to an assumption previously used in (overlap-save-based)
PBFD Kalman filtering [98,190-192], namely that the state estimation errors
in different filter partitions are mutually uncorrelated. Alternatively, we may
assume that the spatial cross-correlations are negligible, or even that all cross-

correlations are negligible, yielding O(L2M) and O(LM) non-zero elements in
(+)

w

\II(+)(Z), respectively. The corresponding sparse structures of ¥

w

in Fig. 5.1 (b)—(d), next to the full structure in Fig. 5.1 (a).

(1) are shown

Given the desired sparse structure of 'IIEDH (1), we impose the same sparse
structure on the update term, i.e. the simplification of k(l)u”(1)®4(1),
and thereby simplify the ISCLP Kalman filter update equations. With
i1=1,...,LM — N, we define the ordered sets

Oy = {z [H]\é\ﬂ = l’}, (5.22)

N
Em:{i:M{H_ﬂng:i—i—NT—m}, (5.23)

2Here, negligible may be interpreted in a strict sense, i.e. we may assume that the
cross-correlations are of negligibly low level, which is the case if the recursive average of the
corresponding elements in k(I)u® (I)¥ (1) is negligible, cf. (5.14), or in a wide sense, i.e. we
may assume that their impact on the convergence behavior of the ISCLP Kalman filter is
negligible.
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Figure 5.1: The (sparse) structure of W (I) and the order of non-zero elements
[#] for (a) preserved cross-correlations, (b) neglected temporal cross-correlations,
(c) neglected spatial cross-correlations, (d) all cross-correlations neglected,
exemplarily shown for Np =1, M =3, and L = 3.

where O and E,, collect the indices of vector w(l) associated to the (multi-
channel) filter coeffient I’ and to channel m, respectively. Given these sets, the
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simplified update terms may be written as

M=

k(" ()®e(l) == Y (k(l))eco, (0" ()¥a(l))ceo, (5.24)
k(D" ()W (1) = Y (k(l))ez,, (0" ()¥a(D))ez,,, (5.25)

k(Du" () Wy (1) := Z (k(D)i(u" () (1))

— Diag[k(l)] Diagfu” (1) ¥ (1)) (5.26)

where (5.24), (5.25), and (5.26) correspond to neglecting temporal cross-
correlations, neglecting spatial cross-correlations, and neglecting all cross-
correlations, respectively, and the update terms are of rank L, rank M, and full
rank, yielding total computational costs of O(LM?), O(L*M), and O(LM).
In the latter case, i.e. the least complex variant, the computational cost is of
the same order, but not exactly the same,? as for (propotionate) normalized
least mean squares ((P)NLMS) algorithms [50,51,193,194]. The exact number
of required multiplications for the simplified Kalman filter update equations
can be found in Table 5.1 for case b)—d). In the following, we refer to the
different complexity variants by their cost, e.g., we refer to (5.13)—(5.19) with
simplification (5.24) as the O(LM?)-cost ISCLP Kalman filter, and similarly
for the other variants.

In practice, the assumptions underlying the presented simplifications of the
ISCLP Kalman filter, namely that temporal, spatial, or all cross-correlations
are negligible, may be well or less well justified, leading to some degree of
suboptimality. The simplifications hence imply a trade-off between complexity
and performance, which we investigate in the simulations in Sec. 5.4.

5.3.3 Equivalent Multiple Kalman Filters Formulation

The three simplified ISCLP Kalman filter variants may equivalently be
represented by multiple Kalman filters sharing the same error signal e(l) and

3NLMS differs from the Kalman filter in that it does not consider a state evolution, which
corresponds to a = 1 in (5.13)—(5.14), and that it applies a scalar gain to u(l)e* (1) in the filter
update [50,51,193] instead of the gain matrix ¥4 (1)pz ' (1), cf. (5.17)-(5.18). A thorough
disussion on the relations between NLMS and the Kalman filter can be found in [193]. In
PNLMS instead, similar to the O(LM)-variant of the ISCLP Kalman filter, a diagonal gain
matrix is applied [194], albeit computed in a somewhat different manner.
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error signal PSD . (l), as outlined in this section. Specifically, consider,
e.g., the O(LM?)-cost ISCLP Kalman filter. For ease of presentation, let

uy (1) = [u(l)]eco, denote the non-zero subvector of (u(l))ce, , and let vAvl(,Jr)(l),
ki (1), o) (1), and \ilw‘l, be similarly defined. Then, due to the block-diagonal

|l

structure of \Ilg)(l) as shown in Fig. 5.1 (b) with the submatrices \IIS‘_I), (1) on

the diagonal, the update equations in (5.13)—(5.18) are equivalent to
Wi (1) = Vaw (1-1), (5.27)
() =a®y, (=1) + (1 — )Ty, (5.28)

L
e*(l) = q" (1) = Y ufi ()% (), (5.29)
=1
L
pe(l) =Y uff () (Dur (D) + @ (1), (5.30)
r=1

ki (1) = @ (Dur (1)pg ' (1), (5.31)
Wi (1) = Wi (1) + ko (De* (1), (5.32)
W (1) = (1) — ko (Oul ()@ a0 (1), (5.33)

where obviously (5.27)—(5.28) need to be computed for all I before proceeding
with (5.29)—(5.32). Similar equivalences hold for the O(L?M)-cost and the
O(LM)-cost ISCLP Kalman filter.

5.4 Simulations

In this section, we investigate the impact of the proposed simplifications, i.e.
we examine the trade-off between complexity and performance for the O(LM?)-
cost, the O(L2M)-cost and the O(LM)-cost ISCLP Kalman filter, where the
original O(LM?)-cost ISCLP Kalman filter serves as a reference. Note again
that next to these simplifications, also modeling deficiencies and parameter
estimation errors are sources of suboptimality equally applying to all complexity
variants of the ISCLP Kalman filter, cf. Sec. 5.2.2. We discuss the simulation
setup in Sec. 5.4.1, and the results in Sec. 5.4.2. Audio examples are available
at [154].
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5.4.1 Setup

In order to compare the different complexity variants, we adopt the simulation
setup in Sec. 3.5 designed to benchmark the original O(L?M?)-cost ISCLP
Kalman filter, which is not repeated here in detail for the sake of conciseness.
Instead, we note that we use the same performance measures, the same acoustic
scenarios, and the same algorithmic settings, cf. Sec. 3.5.2, Sec. 3.5.3, and
Sec. 3.5.4, respectively. We recall that two acoustic scenarios were defined,
referred to as case A and case B. In case A, we consider one reverberant speech
and a babble noise component, x1(l) and v(l), with x;(!) containing the target
component X 7(l) = x1je(l). Here, as opposed to Sec. 3.5.3, we now also
explicitly consider the noiseless scenario with v(l) = 0 as a special case, posing
a mere dereverberation task. In that, we set ﬂjwsc = 0 such that the ISCLP
filter corresponds to the MCLP Kalman filter in [102]. In case B, we consider
two reverberant speech components and a babble noise component, x1 (1), x2(1),
and v(I), with x; (/) again containing the target component x¢ 7 (1) = x1je(l),
and x5(!) an interfering speech component to be canceled. For further details
on the setup, the interested reader is referred to Sec. 3.5.2 to Sec. 3.5.4.

5.4.2 Results

We present the results in case A and case B in Sec. 5.4.2.1 and Sec. 5.4.2.2,
respectively, followed by a summary of the simulation results in Sec. 5.4.2.3.

5.4.2.1 Case A: Without Interfering Speech

In case A, interfering speech is absent.

Fig. 5.2 shows the performance in terms of (a) PESQ, (b) STOI, (¢) SIR'™*, and
(d) CD versus SNR for the reference microphone signal [--+--], the O(L?M?)-cost
[—e—], the O(LM?)-cost [- =-], the O(L*M)-cost [- +-], and the O(LM )-cost
[- v-] ISCLP Kalman filter with L = 6. In this and the following figures, the
graphs denote medians over all individual simulations, cf. Sec. 3.5.3, and the
shaded areas indicate the range from the first to the third quartile. As previously
shown for the same acoustic scenario in Fig. 3.3, the reference microphone
signal expectably reaches better scores at higher SNR values, compared to
which the O(L?M?)-cost ISCLP Kalman filter yields significant improvements
above roughly SNR = —5dB. In all measures, only small differences can be
found across the different complexity variants of the ISCLP Kalman filter, with
largest differences observable in PES(Q, and smallest differences in CD. This
indicates a generally good trade-off between complexity and performance for
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Figure 5.2: (a) PESQ, (b) STOI, (c¢) SIR™™* and (d) CD versus SNR for the
reference microphone signal [-+++-], the O(L?M?)-cost [—e—], the O(LM?)-cost
[ =-], the O(L?M)-cost [- ¢-], and the O(LM )-cost [- v~ ] ISCLP Kalman filter
with L = 6 if interfering speech is absent.

all three simplified variants, i.e. the O(LM?)-cost, the O(L?M)-cost, and the
O(LM)-cost variant.

Fig. 5.3 depicts the performance improvement in terms of (a) APESQ, (b)
ASTOI, (¢) ASIR'™* and (d) ACD versus L with respect to the reference
microphone signal for the O(L?M?)-cost [—e—], the O(LM?)-cost [- =-], the
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Figure 5.3: (a) APESQ, (b) ASTOI, (c) ASIR'™, and (d) ACD versus L
with respect to the reference microphone signal for the O(L2M?)-cost [—e—],
the O(LM?)-cost [- =-], the O(L*M)-cost [- +-], and the O(LM)-cost [- -]
ISCLP Kalman filter at SNR = 25 dB if interfering speech is absent.

O(L*M)-cost [- ¢-], and the O(LM)-cost [- -] ISCLP Kalman filter at SNR =
25dB. Note that in Fig. 5.3 and in the following figures presenting performance
improvements, the resolution of the vertical axes is twice as large as in Fig. 5.2.
As previously shown for the same acoustic scenario in Fig. 3.4, the improvement
for the O(L?M?)-cost ISCLP Kalman filter saturates at roughly L = 6. Due
to the higher resolution of the vertical axes, differences across the simplified
variants, i.e. the O(LM?)-cost, the O(L?M)-cost, and the O(LM)-cost ISCLP
Kalman filter, are now somewhat better visible. We note that among these three,
the O(LM?)-cost variant generally performs best and, except for ASIRI™S,
equally well as compared to the O(L2M?)-cost variant. Differences between
the the O(L?M)-cost and the O(LM)-cost variants are hardly visible.

Fig. 5.4 shows the performance improvement if the experiment of Fig. 5.3 is
repeated for the noiseless case (i.e. at SNR = 0o dB) with %, = 0, such that
the ISCLP Kalman filter corresponds to the MCLP Kalman filter in [102]. As
compared to Fig. 5.3, for L > 6, we find the same improvement in PESQ and
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Figure 5.4: (a) APESQ, (b) ASTOI, (¢) ASIR™*, and (d) ACD versus L with
respect to the reference microphone signal for the O(L?M?)-cost [—e—]|, the
O(LM?)-cost [- =-], the O(L?M)-cost [- +-], and the O(LM )-cost [- v~ ] ISCLP
Kalman filter with ﬂ:wsc = 0 if noise and interfering speech are absent. The
reference microphone signal scores at PESQ = 1.97, STOI = 0.89, SIR/"* =
9.36dB, and CD = 3.82dB.

CD, but less improvement in STOI and SIR'™*, indicating less sensitivity of
the latter two towards reverberation than towards noise. Again compared to
Fig. 5.3, below L = 6, we further find a larger dependency on L in terms of
APESQ and ACD. This is expected since the babble noise component v(l),
which is temporally uncorrelated and may therefore not be suppressed by the
LP filter, has stronger impact on the improvement scores at lower SNR values.
No substantial difference between the two figures can be found in terms of the
relative performance of the different complexity variants of the ISCLP Kalman
filter.

Fig. 5.5 depicts the performance improvement in terms of (a) APESQ, (b)
ASTOI, (¢) ASIR'™* and (d) ACD versus time ¢ with respect to the reference
microphone signal for the O(L?M?)-cost [—e—], the O(LM?)-cost [- =-], the
O(L?M)-cost [- +-], and the O(LM)-cost [- ~+- ] ISCLP Kalman filter at SNR =
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Figure 5.5: (a) APESQ, (b) ASTOI, (¢) ASIR'™, and (d) ACD versus ¢
with respect to the reference microphone signal for the O(L?M?)-cost [—e—],
the O(LM?)-cost [- =-], the O(L*M)-cost [- +-], and the O(LM)-cost [-+-]
ISCLP Kalman filter with L = 6 at SNR = 10dB if interfering speech is absent.

25dB. We find that after initialization, all complexity variants of the ISCLP
Kalman filter converge at the same rate, reaching saturation after roughly 4s.
The speech source position changes at 8s, cf. Sec. 3.5.3, such that the Kalman
filters have to re-adapt. After the speech source position change, convergence
speed is somewhat reduced as compared to the initial convergence stage.

Fig. 5.6 shows the the performance improvement if the experiment of Fig.
5.5 is repeated for the noiseless case (i.e. at SNR = oodB) with 1), = 0,
such that the ISCLP Kalman filter corresponds to the MCLP Kalman filter
in [102]. We note that as compared to Fig. 5.5, as expected in the absence
of noise, all complexity variants of the ISCLP Kalman filter converge faster,
now reaching saturation after roughly 2s. Again, the convergence speed after
the speech source position change is somewhat reduced as compared to the
initial convergence stage. In terms of the relative performance of the different
complexity variants of the ISCLP Kalman filter, no substantial difference can
be found between the two figures.
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Figure 5.6: (a) APESQ, (b) ASTOI, (c) ASIR™* and (d) ACD versus t
with respect to the reference microphone signal for the O(L2M?)-cost [—e—],
the O(LM?)-cost [-=-], the O(L?M)-cost [- ¢-], and the O(LM)-cost [~ +-]
ISCLP Kalman filter with L = 6 and 4),,,. = 0 if noise and interfering speech are
absent. The reference microphone signal scores at PESQ = 1.99, STOI = 0.91,
SIR'"* = 10.2dB, and CD = 3.62dB.

5.4.2.2 Case B: With Interfering Speech

In case B, interfering speech is present.

Fig. 5.7 shows the performance in terms of (a) PESQ, (b) STOI, (c) SIR'**, and
(d) CD versus SNR for the reference microphone signal [---+--], the O(L?M?)-cost
[—e—], the O(LM?)-cost [- =-], the O(L2M)-cost [- +-], and the O(LM )-cost
[-v-] ISCLP Kalman filter with L = 6. As shown previously for the same
acoustic scenarios, cf. Sec. 3.5.5, the curves are generally flatter as compared
to those in Fig. 5.2 due to the now additional interfering speech component
x2(1). Differences across the different complexity variants of the ISCLP Kalman
filter are now even less pronounced, which may relate to the generally worse
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Figure 5.7: (a) PESQ, (b) STOI, (c¢) SIR™* and (d) CD versus SNR for the
reference microphone signal [-+++--], the O(L?M?)-cost [—e—], the O(LM?)-cost
[- =-], the O(L?M)-cost [- ¢-], and the O(LM )-cost [- v~ ] ISCLP Kalman filter
with L = 6 if interfering speech is present.

scores due to the more challenging acoustic scenario.

Fig. 5.8 depicts the performance improvement in terms of (a) APESQ, (b)
ASTOI, (¢) ASIR'™* and (d) ACD versus L with respect to the reference
microphone signal for the O(L?M?)-cost [—e—], the O(LM?)-cost [- =-], the
O(L?>M)-cost [- +-], and the O(LM)-cost [- +- ] ISCLP Kalman filter at SNR =
25dB. For the ISCLP Kalman filter, As previously shown for the same acoustic
scenarios, cf. Sec. 3.5.5, as compared to the case x2(l) = 0, cf. Fig. 5.8, the
improvements saturate somewhat later. Again, differences across the different
complexity variants of the ISCLP Kalman filter are now even less pronounced.
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Figure 5.8: (a) APESQ, (b) ASTOI, (c) ASIR'™, and (d) ACD versus L
with respect to the reference microphone signal for the O(L?M?)-cost [—e—],
the O(LM?)-cost [-=-], the O(L?M)-cost [- ¢-], and the O(LM)-cost [~ +-]
ISCLP Kalman filter at SNR = 25dB if interfering speech is present.

5.4.2.3 Summary

We summarize the presented simulation results by noting that all three
simplified variants of the ISCLP Kalman filter, i.e. the O(LM?)-cost, the
O(L?M)-cost, and the O(LM)-cost variant, perform nearly as well as the
original O(L2M?)-cost variant, thereby permitting far more favourable trade-
offs between complexity and performance. The assumptions underlying these
simplifications, cf. Sec. 5.3.2, are hence not critical, i.e. they do not form
the bottleneck in the modeling and estimation chain. Instead, performance
limitations may mostly be caused by other modeling deficiencies, such as
deficiencies in the microphone signal model and the ISCLP state-space model,
as well as parameter estimation errors, cf. Sec. 5.2.
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5.5 Conclusion

The ISCLP Kalman filter requires O(L?M?) multiplications per frequency bin
in its original formulation, with L the number of filter coefficients and M the
number of channels. In this chapter, we have proposed low-complexity variants
of the ISCLP Kalman filter, which have been obtained by simplification of the
ISCLP Kalman filter update equations. Hereat, we have enforced the state
estimation error correlation matrix to assume sparse structures corresponding to
the negligence of either temporal, spatial, or all cross-correlations. The proposed
simplifications lead to O(LM?)-cost, O(L?>M)-cost, and O(LM )-cost variants
of the ISCLP Kalman filter, respectively, which may equivalently be represented
by multiple Kalman filters sharing the same error signal and error signal PSD.
Simulation results indicate that the simplified variants of the ISCLP Kalman
filter perform nearly as well as the original variant, thereby permitting far more
favourable trade-offs between complexity and performance.



Chapter 6

Conclusion

151



152 CONCLUSION

N this thesis, we have compared, proposed and evaluated existing and novel
I approaches in the fields of speech enhancement. We have taken account of
practical challenges arising from typical applications. These challenges have
led to the following technical requirements, which guided the design of the
proposed approaches: the comprehensive enhancement of target speech in
adverse acoustic conditions characterized by reverberation, interfering speech
and background noise; the independence of in practice hardly reliable channel
knowledge on the target source, the exploitation of spatial and temporal target-
parameter knowledge and further its acquisition in a multi-source scenario;
online processing in dynamic acoustic scenarios; and moderate computational
complexity.

Specifically, we have analyzed and compared two existing speech enhancement
architectures, namely the GSC and the MCLP architecture, in terms of
their potential for dereverberation and noise reduction. We have proposed
a comprehensive speech enhancement approach, namely the ISCLP Kalman
filter, which integrates the GSC and MCLP and exploits spatial and temporal
target-parameter knowledge. Further, we have proposed a parameter estimation
approach for multi-source scenarios, namely square root-based multi-source
early PSD estimation and RETF updating, which is employed in the ISCLP
Kalman filter. Both the proposed speech enhancement approach and the
proposed parameter estimation approach operate online in dynamic acoustic
scenarios. In addition, we have proposed complexity-reduced variants of the
ISCLP Kalman filter, which permit far more favourable trade-offs between
computational complexity and performance.

The remainder of this conclusion is organized as follows. In Sec. 6.1, we
review the results of the above mentioned contributions. In Sec. 6.2, we give
suggestions for future research. In Sec. 6.3, we discuss industrial valorization.

6.1 Summary

The summary is organized per chapter.

Comparative Analysis of the GSC and MCLP

The presently most popular approach to dereverberation, namely MCLP, is
based on a convolutive reverberation model, but does not require channel
knowledge on the target source. However, MCLP is a mere dereverberation
approach. Beamforming on the other hand, e.g., by means of the GSC, is a
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well-established approach to interfering speech cancellation and noise reduction.
In Ch. 2, as a preparatory step towards comprehensive speech enhancement,
we therefore have analyzed and compared the MCLP and GSC architectures in
terms of their potential for dereverberation and noise reduction. In the signal
model, we have considered a reverberant target-speech component, coherent
(i.e. point-source) noise and incoherent noise components.

The major difference between both architectures lies in the pre-processing of
the microphone signals in the LP and the SC filter paths. Where MCLP
applies a simple delay, the GSC instead applies a BM, which exploits spatial
target-parameter knowledge and hence allows to distinguish the target speech
source from other point sources. We have shown that both architectures are
theoretically able to perform complete dereverberation if incoherent noise is
absent. Due to the exploitation of spatial knowledge in the BM, in the absence
of incoherent noise, coherent noise is theoretically completely canceled in the
GSC, while it is merely dereverberated in MCLP. For both the GSC and MCLP,
unbiased filter estimates are obtained if temporal target-parameter knowledge
is incorporated in the cost function for filter estimation.

In order to confirm the theory and to assess the practical relevance of the
theoretical findings, we have carried out TD simulations using perfect spatial
knowledge in form of early target-speech RIRs, resulting in complete blocking
of the early speech source image, and TFD domain simulations using deficient
spatial knowledge in form of RETF estimates, resulting in incomplete blocking.
The simulation results confirm the theoretical findings in case of complete
blocking. In case of incomplete blocking, however, the GSC performs worse as
compared to MCLP in terms of dereverberation.

The ISCLP Kalman Filter

In Ch. 3, based on the comparison of the MCLP and the GSC architecture in
Ch. 2 and the success of MCLP-and-beamforming cascades in literature, we
have proposed to integrate the GSC and MCLP into a parallel architecture
referred to as ISCLP. In the signal model, we have considered several reverberant
speech components, whereof some are to be dereverberated and others to be
canceled, as well as a diffuse (e.g., babble) noise component to be suppressed.

Specifically, the ISCLP architecture consists of three signal paths: a reference
path employing an MF, an SC path, composed of a BM and an SC filter, and
a LP path, composed of a delay and an LP filter. The SC and the LP filter
operate on different microphone signal frames. While the MF, the BM and
the SC filter are multiplicative, the LP filter is convolutive. The MF and the
BM perform spatial pre-processing, serving unconstrained estimation of the SC
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filter, while the delay may analogously be considered as temporal pre-processing,
serving unconstrained estimation of the LP filter. We have estimated the
SC and LP filters jointly and online by means of a single Kalman filter. We
further have proposed a spectral Wiener gain post-processor, relating to the
Kalman filter’s posterior state estimate. The ISCLP Kalman filter requires
spatial and temporal target-parameter knowledge, which is obtained by means
of the proposed parameter estimation approach for multi-source scenarios, i.e.
by square root-based multi-source early PSD estimation and RETF updating.
Further implementational aspects such as spatio-temporal target component
leakage as well as process equation parameter tuning and initialization have
been discussed.

The presented ISCLP Kalman filter has been benchmarked against two state-of-
the-art approaches in presence and absence of interfering speech, namely first
a pair of alternating Kalman filters respectively performing dereverberation
and noise reduction, and second an MCLP+GSC Kalman filter cascade. With
M the number of microphones, the ISCLP Kalman filter is roughly M? times
less expensive than both reference algorithms. Nonetheless, simulation results
indicate better or similar performance as compared to the original or modified
version of the alternating Kalman filters, and better performance as compared
to the MCLP+GSC Kalman filter cascade.

Multi-Source Early PSD Estimation and RETF Update

The ISCLP Kalman filter in Ch. 3 requires spatial and temporal target-
parameter knowledge. In Ch. 4, we have proposed an appropriate online
parameter estimation approach, namely square root-based multi-source early
PSD estimation and RETF updating. In the signal model, we have considered
multiple sources in a reverberant environment.

Given RETF estimates, state-of-the-art approaches to early PSD estimation
conventionally minimize the approximation error defined with respect to
an estimate of the early correlation matrix, which we have referred to as
conventional MP. Instead, we here have factorized the early correlation matrix
model and minimize the approximation error defined with respect to an estimate
of the early-correlation-matrix square root, which we have referred to as the
square-root MP. The square-root MP seeks a unitary matrix and the square
roots of the early PSDs up to an arbitrary complex argument, and therewith
constitutes a generalization of the orthogonal Procrustes problem. As opposed
to the conventional MP, non-negative inequality constraints are not required in
the square-root MP. The square-root MP may be solved iteratively, requiring
one SVD per iteration. The estimated unitary matrix and early PSD square
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roots further allow to recursively update the RETF estimate, which is not
inherently possible in the conventional approach. The respectively required
estimates of the early correlation matrix and the early-correlation-matrix square
root have been obtained from an estimate of the microphone signal correlation
matrix by means of the GEVD. Hereat, in order to compensate for inevitable
recursive averaging, we have restored non-stationarities by desmoothing the
generalized eigenvalues.

The proposed approach has been evaluated in two kinds of simulations. In the
first kind, the data is generated based on the microphone signal correlation
matrix model and assumed geometric and physical properties, excluding
modeling errors from the evaluation. This is referred to as model-based-data
case. In the second kind, the data is generated from recorded speech and
measured RIRs, creating a more practical setup. This is referred to as acoustic-
data case. In both cases, the simulation results indicate better performance of
the square-root MP as compared to the conventional MP. As shown in model-
based-data case, the square-root MP can be solved in only one iteration if
initialized accordingly. As shown in the acoustic-data case, both the square-root
MP and the conventional MP suffer somewhat from residual late reverberation
in the early-correlation-matrix estimate.

Low-Complexity ISCLP Kalman Filters

The ISCLP Kalman filter in Ch. 3 requires O(L?M?) multiplications per
frequency bin in its original formulation, with L the number of (multi-channel)
filter coeflicients and M the number of channels. In Ch. 5, we have therefore
proposed low-complexity variants of the ISCLP Kalman filter.

The low-complexity variants of the ISCLP Kalman filter have been obtained
by simplification of the ISCLP Kalman filter update equations. Here, we
have enforced the state estimation error correlation matrix to assume sparse
structures corresponding to the negligence of either temporal, spatial, or all cross-
correlations. The proposed simplifications lead to O(LM?)-cost, O(L*M)-cost,
and O(LM)-cost variants of the ISCLP Kalman filter, respectively, which may
equivalently be represented by multiple Kalman filters sharing the same error
signal and error signal PSD.

Simulation results based on the same acoustic scenarios as for the original
ISCLP Kalman filter in Ch. 3 indicate that the simplified ISCLP Kalman filter
variants perform nearly as well as the original variant, thereby permitting far
more favourable trade-offs between complexity and performance.



156 CONCLUSION

6.2 Suggestions for Future Research

The presented work leaves room for future research in several directions. We
outline a few examples as follows:

e In (hybrid) MCLP-based speech enhancement approaches [90-96,98-103,
111-116], as outlined in Sec. 1.2.2.1, two main paradigms exist regarding
temporal target-parameter knowledge. In iterative batch processing
approaches [90,91,93-96,112-115], temporal target-parameter knowledge
is acquired in alternation with the LP filter estimate and hence is solely
based on intermediate enhanced-signal batches. In online processing
approaches [92,98-103,111,116] instead, in each frame, temporal target-
parameter knowledge is acquired a priori and hence is typically independent
of previous enhanced-signal frames [92,98,100-103,111]. While some
exemplary comparisons between batch and online processing have been
done in MCLP-based dereverberation [101,103], a systematic comparison
and evaluation of these two paradigms, i.e. intermediate versus a-priori
temporal target-parameter estimation, has yet not been done in literature.
For the comprehensive speech enhancement task, such a comparison may
be done within the ISCLP architecture proposed in Sec. 3.3.1. In this
context, the role of spatio-temporal target-component leakage, cf. Sec.
3.4.1, may be of particular interest.

e The ISCLP Kalman filter proposed in Ch. 3 exploits a-priori temporal
target-parameter knowledge, which is obtained independently by means of
square root-based multi-source early PSD estimation and RETF updating
as proposed in Ch. 4. Instead of this independent acquisition, one
may consider to couple the speech enhancement and target-parameter
estimation tasks. While it may be rather obvious to estimate a-priori
temporal target-parameter knowledge in the current frame based on
previous enhanced-signal frames as in [99,116], the comparison of the
original [116] and the modified alternating Kalman filters in Sec. 3.5.5.1
indicates that this approach leads to reduced performance as compared
to independent estimation due to the highly time-varying statistics
of the early target-speech source image. Alternatively, however, the
output of the ISCLP cancellation filter may be used to (re-)estimate the
comparably slowly time-varying coherence of undesired sound components,
in particular the coherence of late reverberation and background noise.
This coherence estimate may in turn be used for parameter estimation
instead of solely relying on the diffuse field assumption, cf. Sec. 4.5,
and hence potentially improve performance. Note that this coherence



SUGGESTIONS FOR FUTURE RESEARCH 157

estimation approach requires that instead of the MF output, each
microphone signal is enhanced separately.

e The ISCLP Kalman filter proposed in Ch. 3 produces a single enhanced
output signal only. Some applications however rely on multiple output
channels, such that an extension may become necessary. In BSS [94, 135,
136] for instance, one is interested in obtaining an estimate of each of the
N early (speech) source images, which requires N output channels. A
corresponding extension of the ISCLP architecture proposed in Sec. 3.3.1
and the ISCLP state-space model and Kalman filter in Sec. 3.3.2 is rather
straightforward. In hearing aids, the wearer perceptually benefits from the
preservation of binaural cues such as inter-aural time and level differences
(ITDs and ILDs) or the coherence of undesired sound components, which
requires two output channels. While several binaural-cue preseveration
approaches based on additive models for noise and late reverberation
exist [42,195-198] and also multiple-output MCLP architectues have been
proposed [94,95,97], the use of convolutive reverberation models as in
MCLP and ISCLP specifically for binaural cue preservation has yet not
been explored.

o In [115], it has recently been proposed to unify an MCLP+MVDR cascade,
which is shown to result in a parallel architecture of an MVDR beamformer
and an LP filter. The MVDR beamformer and LP filter coefficients are
jointly estimated by means of batch processing. Although motivated
differently, the architecture proposed in [115] is obviously closely related
to the ISCLP architecture proposed in Sec. 3.3.1, which integrates the
GSC (i.e. an unconstrained variant of the MVDR beamformer) and MCLP.
A further investigation on the relations and the differences between both
may provide deeper understanding of the architectures at hand and be
fertile in the development of further modifications and extensions.

e In the multi-source early PSD estimation and RETF updating approach
proposed in Ch. 4, the RETFs are updated independently in each frequency
bin, cf. Sec. 4.4.3. However, we may argue that the early source images are
dominated by their direct components, and hence the RETFs should relate
to the corresponding free-field transfer functions, which are solely defined
by DoAs and imply predetermined phase relations between microphones
as a function of frequency [144-146]. Hence, more robust RETF estimates
may be obtained by penalizing deviation from potential free-field transfer
functions, which requires optimization across frequency bins.

e In the multi-source early PSD estimation and RETF updating approach
proposed in Ch. 4, the early correlation matrix estimate contains residual
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late reverberation, which has been shown to somewhat affect the multi-
source early PSD estimation, cf. Sec 4.6.2.4. In case of speech, in order
to reduce the effects of residual late reverberation, we may exploit sparse
representations of the early speech source image in the TFD [96,97,100,199]
namely by introducing a sparsity-promoting penalty term in the square-
root MP in Sec. 4.4.2. Promoting sparsity may further help to improve
the source-component separation, as in the majority of time-frequency
tiles at most one speech source is active. The latter characteristic may
also be exploited in acoustic scenarios with more speech sources than
microphones, which so far have not been considered.

In the multi-source early PSD estimation and RETF updating approach
proposed in Ch. 4, in order to compensate for the inevitable recursive
averaging in the estimation of the microphone signal correlation matrix,
we have proposed to restore non-stationarities by subspace-based
desmoothing, cf. Sec. 4.5. Precisely, desmoothing is perfomed by filtering
of the (generalized) eigenvalues, where the eigenvalue filter is defined as
the inverse of the recursive averaging filter. While the proposed approach
has been shown to be effective in practice, its derivation has been based
on an intuitive interpretation rather than analytic algebraic arguments.
An profound algebraic derivation may yield further insight into the assets
and limitations of the proposed approach as well as a solid base for
further developments. An evaluation of the presumably greatly reduced
dependency of resultant early PSD estimates on the forgetting factor used
in recursive averaging may be highly relevant. We may further assess the
effect of desmoothing on the performance of other speech enhancement
approaches exploiting temporal target-parameter knowledge, e.g., the
MWF [42,61-68,129,130].

In the multi-source early PSD estimation and RETF updating approach
proposed in Ch. 4, the GEVD of the recursively averaged microphone
signal correlation matrix estimate and the diffuse coherence matrix is
computed independently in each frame, cf. Sec. 4.5. In order to reduce
the computational complexity of the approach, the GEVD may instead
be estimated recursively by means of the power method [182,183]. In
addition, if the GEVD is estimated recursively, the recursive sorting [153]
of generalized eigenvalue-eigenvector pairs, which is otherwise required
for subspace-based desmoothing, becomes redundant.

The combination of the ISCLP Kalman filter and square root-based multi-
source early PSD estimation and RETF updating as proposed in Ch. 3
and Ch. 4 has so far been tested only on synthesized microphone signals
generated from measured RIRs [26], dry speech signals [25], and artifically
diffused babble noise [27,167], which enabled us to perform detailed
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objective evaluations by means of intrusive performance measures. In
addition, evaluation based on recorded microphone signals and subjective
listening tests may be performed. Subjective quality and intelligibility
scores may e.g., be obtained by means of multi-stimulus tests with hidden
reference and anchor (MUSHRA) [200] and by measuring the speech
reception threshold (SRT) [15], respectively. Further, the impact on ASR
[31,45-49] performance may be evaluated, e.g., based on the evaluation
frameworks defined in the ASpIRE [47], the REVERB [48], and the
CHIME [49] challenges.

6.3 Industrial Valorization

As outlined in Sec. 1.2.1, speech enhancement has many applications ranging
from digital telephony over hearing devices to voice-driven human-to-machine
communication in smart devices, and hence bears a tremendous economic
potential. In 2018, the number of mobile telephony subscriptions was already
greater than the global population, with nearly the whole world population living
within the range of a mobile-cellular network signal [201]. Global smart phone
sales reached $522 billion USD in 2018 [202]. On the VoIP market, 204.8 billion
corporate consumer users accounting for $86.20 billion USD in global revenues
are predicted for 2020 [203]. The global market for hearing devices, which is
driven by the rising aging population, is expected to reach a value of $12.1
billion USD by 2025 despite too low penetration rates in particular in developing
countries [204,205]. The revenues on the global speech and voice recognition
market are estimated to reach $31.82 billion USD by 2025, corresponding to a
compound annual growth rate (CAGR) of 17.2% during the forecast period [206].
A large number of well-known and less well-known companies operate in these
domains, such as Samsung, Apple, Huawei, Microsoft, Google, Amazon, NXP
Semiconductors, Phonak, Oticon, Starkey, Widex, Cochlear, and many more.

In the design of the approaches proposed in Ch. 3 to Ch. 5, technical
requirements arising from practical applications have been taken into account in
order to lower the threshold for industrial valorization on the above mentioned
markets. However, regardless of the actual application, a number of further
steps has to be taken in order to transfer the presented research into a product.

The parameter estimation approach proposed in Ch. 4 requires initial spatial
knowledge, and so has to be extended for or integrated with initial RETF or
DoA estimation. Further, sensor and quantization noise is always present in
practical applications and thus needs to be considered in the signal model and
the parameter estimation strategy.
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The speech enhancement and parameter estimation approaches proposed in Ch.
3 to Ch. 5 have to be cascaded or integrated with other processing blocks, e.g.,
with AEC in telephony, AFC and non-linear compression in hearing devices, or
ASR in smart devices. The order of cascading may be critical to the overall
functionality, while integration, e.g., by sharing information, joint tuning, or
joint optimization across processing blocks, may improve the performance. In
applications such as video-conferencing, also audio-visual modality integration
may be beneficial. Visual data may, e.g., support both initial acquisition and
updating of spatial target-parameter knowledge in the parameter estimation
approach proposed in Ch. 3.

Due to finite precision in practical applications, in particular on platforms
with fixed-point arithmetic, all implementations need to be numerically robust.
The standard formulation of the Kalman filter for instance is known to be
numerically unstable, and so numerically better-behaved QR decomposition-
based formulations [187,188] may instead be used to implement the ISCLP
Kalman filter and its low-complexity variants proposed in Ch. 3 and Ch. 5.

The resulting software needs to be migrated from machine-independent higher
level programming languages typically used during algorithmic development
such as MATLAB [152-154] or Python to lower level programming languages
such as C++ and C or even machine-specific assembly languages. Apart from
the signal processing layer, the newly developed processing blocks also have to
be integrated on a software-architectural layer. Test scripts have to be newly
written or extended to ensure that the previously developed software functions
as expected. Depending on the business model, software libraries may be sold
as a stand-alone product or in combination with dedicated hardware either to
original equipment manufacturers (OEMs) or directly to the end user. During
the product’s life cycle, the software needs to be supported and maintained.

Throughout the entire product development process, the performance in terms
of improvements in speech quality and intelligibility or ASR performance needs
to be continuously (re-)evaluated.
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Appendix to Chapter 2

A.1 GSC Enhancement in Absence of
Incoherent Noise
— Reformulation

A.1.1 GSC Filter Output

Analogously to (2.16)—(2.17), let C, € CVE<xNLs) and its counterpart C; be

defined by
Tdxd OdX(NLS—d)
C, = , (A1)
O(NLs—d)xd dx(NL;—d)
C, = VN g, (A.2)

and let W% € CNLs=dxNLs=d 16 the submatrix of Wy spanning its last NLy —d
rows and columns, such that

Qdxd OdX(NLS—d)
C,0,C, = . (A.3)
O(NLS—d)Xd W/

With HB as given in (2.27), the expression ((HB)?¥;HB)"” in (2.54) can then
be written as

(HB)"¥:HB)" = (HIW'Hp)"
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=HLP ' HT. (A.4)

Inserting (2.27) and (A.4) in (2.54) while noting that HgHY = I since Hp
is assumed to have full row rank, and further using (A.3) and Lemma 1 from
Appendix A.2, we obtain

(1) = (HB((HB)H\IlgHB)P(HB)H\IlgHg)Hs(l)

0dxd OdX(NLsfd) "
= Y;Hg | s(])
ONLo—d)xd g1

= (Co®:C,)"w:Hg) "s(1). (A.5)
With C, 4+ C; =1, the matrix ¥z may be written as
V; =C.¥; +C,¥;
=C¥;+C,¥:;C,+ C,¥;:C.. (A.6)

Substituting (A.6) in (A.5), we find (C,P;Cy)"(C,P;Cy) = C; from (A.3),
while (C,¥;C/)"C.¥; = 0, such that (C,¥;C,)"¥; in (A.5) becomes

(Gz‘I’gGZ)P‘Pg =C;+ (Gg‘I’g(D[)P@[‘Ilg(De. (A?)

Using (A.1)—(A.2), (2.16)—(2.17), and Lemma 1 from Appendix A.2, the term
(CyP:Cp)"CyT;C, in (A.7) takes the form

(C¥;C))"Cp¥;Ce

(A.8)

[ (Cr®5,C)"Cr¥s, C, 0L x(N=1Es
| o(N=1) Lo xLs ON—1Lsx(N-1)L,

Inserting (A.7) in (A.5), multiplying out, using (A.1)—(A.2) and (2.14)—(2.17),
it can be shown that

2(l) = (CHg)"s(l) + ((C,¥:C,)" C,¥:C.Hg)"s()

N
= qs, (1) + g5, 16(0)

+ ((C@‘I’glC()PCK‘I/glceng)Hsl(l). (Ag)
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With Lemma 1 from Appendix A.2 and Cgj, defined in (2.19), (C,¥5, C;)” can
be written as

(Ce®5,Cp)" = Cyip" (Cge®s,Cype™)Cay, (A.10)

Substituting (A.10) into (A.9) and extracting Cgy,” on the left, we obtain
(2.55)~(2.56).

A.1.2 GSC Bias

With Lemma 1 in Appendix A.2, the first term in (2.56), (C g ®3s, Cqe™)", can
be written as

- s—d)xd
‘I,/gll O(L )%

o G yr 7 Al
( d|e ¥ 5, ~d|e ) OdX(Ls*d) odxd ( )

where ¥ € CLs=d)x(Ls=d) ig the submatrix of s, spanning the last Ly — d
rows and columns, matching the first term in (2.48) for n = 1. Note that
for d = Ly, it € ClLemdx(La=d) jn (A.11) and ;! € CL+*Ls in (2.48) also
correspond in terms of dimensions: inserting (2.26) into (2.9) yields Ly — d =
Ly + Ly —1 in the GSC, while inserting (2.21) into (2.9) yields Ly = L+ Ly, — 1
in MCLP. Finally, since the second term in (2.56), C4,¥s, C.-H;g, is equivalent
to the second term in (2.48), both expressions (2.56) and (2.48) yield the same
bias component.

A.2 The Pesudoinverse of Block-Diagonal Matrices

Lemma 1. The pseudoinverse A” of a block-diagonal matriz A defined by
the blocks A,,, n=1...N, on its diagonal is given by a block-diagonal matrix
composed of the pseudoinverses AL of the individual blocks, i.e.

if A = Blidiag [A,, ... Ax],
then A" = Bldiag [Af, ..., A%].

This lemma can be proven easily by verifying the four criteria defining the
pseudoinverse A’ of the matrix A, i.e. AATA = A, ATAA" = A’
(AA")" = AA”, and (A"A)" = AFA. It is further important to note
that the pseudoinverse of a zero matrix is equal to its transpose.
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Appendix to Chapter 4

B.1 The Orthogonal Procrustes Problem
— Reformulation

We note that the Frobenius norm ||Esq(ﬂ,(f);/2|(i_1))ui in (4.35) may be
expressed by means of the trace operator as

a2, @210 D)|[7 = tr[Eag(@, 9210 DEL(Q, 9210-D)]. (B

Using (B.1) with E (€2, (f);/Zl(i_l)) = \il;/fﬂ - I:IDiag[@;/Q‘(i_l)} according to
(4.32), we reformulate (4.35) as

Q0 = arg i |[Bug (52,07~ |2

s.t. QQ7 =1
— argmin — tr[¥/2Q Diag[§"/2I(~ D"
1 :
—tr [ﬂDiag[(ﬁ?ﬂ(i_l)]QH'I’fc/ﬂ
s.t. QQ7 =1

= argmax R {tr [lil;/fﬂ Diag[(i):/2‘(i_1)}ﬂHH
Q

s.t. QQ7 =1, (B.2)
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where constant terms have been dropped in the first transition. Inserting
tr[\il;/fﬂDiag[(bf/gl(zfl)]ﬂf’] = tr[ﬂDiag[(bf/gl(lfl)]fl’“il;/f] in (B.2), we
finally obtain (4.37)—(4.38).

B.2 The Orthogonal Procrustes Problem
— Solution

Inserting the SVD C#I(i=1) = U, XU according to (4.39) into (4.37), we obtain
Q0 = arg(rznax%[tr[QCgé_l)]]
s.t. QQ7 =1,
= argénax R[tr[QU,ZU]
s.t. QO7 =1 (B.3)
With tr[QU,XUY] = tr[UQUX] and UZQU; being unitary (as it is a

product of unitary matrices), the trace in (B.3) is maximized if U/QU, =1,
and hence we obtain Q) = U, U¥.
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