SPHERICAL HARMONICS BASED ACOUSTIC SCENE ANALYSIS FOR
OBJECT-BASED AUDIO

A THESIS SUBMITTED TO
THE GRADUATE SCHOOL OF INFORMATICS
OF
MIDDLE EAST TECHNICAL UNIVERSITY

BY

MERT BURKAY COTELI

IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR
THE DEGREE OF DOCTOR OF PHILOSOPHY
IN
INFORMATION SYSTEMS

JANUARY 2021






Approval of the thesis:

SPHERICAL HARMONICS BASED ACOUSTIC SCENE ANALYSIS FOR
OBJECT-BASED AUDIO

submitted by MERT BURKAY COTELI in partial fulfillment of the requirements
for the degree of Doctor of Philosophy in Information Systems Department,
Middle East Technical University by,

Prof. Dr. Deniz Zeyrek Bozsahin
Dean, Graduate School of Informatics

Prof. Dr. Sevgi Ozkan Yildirim
Head of Department, Information Systems

Assoc. Prof. Dr. Hiiseyin Hacihabiboglu
Supervisor, Modelling and Simulation, METU

Date:


HAKAN
Dörtgen


I hereby declare that all information in this document has been obtained and
presented in accordance with academic rules and ethical conduct. I also declare
that, as required by these rules and conduct, I have fully cited and referenced all
material and results that are not original to this work.

Name, Surname: Mert Burkay Coteli

Signature

v



ABSTRACT

SPHERICAL HARMONICS BASED ACOUSTIC SCENE ANALYSIS FOR
OBJECT-BASED AUDIO

Coteli, Mert Burkay
Ph.D., Department of Information Systems
Supervisor: Assoc. Prof. Dr. Hiiseyin Hacihabiboglu

January 2021, [192] pages

Object-based audio relies on elemental audio signals from individual sound sources
and their associated metadata to be reconstructed at the listener side. While defin-
ing audio objects in a production setting is straightforward, it is not trivial to extract
audio objects from more realistic recording scenarios such as concerts. Thus, exist-
ing object-based audio standards also define scene-based formats alongside object-
based representations that provide immersive audio, but without the flexibility pro-
vided by object-based audio. Presently, there is no reliable approach to transcode
from scene-based format to object-based format. This thesis aims to develop acous-
tic scene analysis techniques to extract the directions of arrival of active sources and
separate them from scene-based audio representations. Two DOA estimation methods
and three source separation methods that use signals from rigid spherical microphone
arrays are proposed for this purpose. The proposed methods allow analyzing scenes
comprising multiple coherent or nearly coherent sources in highly reverberant and
non-reverberant environments. We describe the algorithms, assess their performance

objectively and subjectively and analyse their computational requirements.



Keywords: object-based audio, spherical harmonics, rigid spherical microphone ar-

rays, direction of arrival estimation, source separation
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0z

NESNE TEMELLI SES ICiIN KURESEL HARMONIK TABANLI AKUSTIK
SAHNE ANALIZi

Coteli, Mert Burkay
Doktora, Bilisim Sistemleri Boliimii

Tez Yoneticisi: Dog. Dr. Hiiseyin Hacihabiboglu

Ocak 2021, sayfa

Nesne temelli ses, ayr1 ses kaynaklarindan gelen temel ses sinyallerine ve dinleyici
tarafinda yeniden yapilandirilacak ilgili meta verilerine dayanir. Bir prodiiksiyon or-
taminda ses nesnelerini tanimlamak kolay olsa da, konserler gibi daha gercek¢i kayit
senaryolarindan ses nesnelerini ¢ikarmak kolay bir islem degildir. Bu nedenle, mev-
cut nesne temelli ses standartlari, nesne temelli sesin sagladig1 esneklik olmadan,
stiriikleyici ses saglayan nesne temelli temsillerin yan1 sira sahne temelli formatlari
da tanimlar. Halihazirda, sahne temelli bicimden nesne temelli bicime doniistiirme
icin giivenilir bir yaklasim yoktur. Bu tez, aktif kaynaklarin varig yonlerini ¢ikarmak
ve bunlar1 sahne temelli ses sunumlarindan ayirmak i¢in akustik sahne analizi tek-
nikleri gelistirmeyi amaglamaktadir. Bu amagla, kapali kiiresel mikrofon dizilerinden
gelen sinyalleri kullanan iki varig yonii tahmin yontemi ve ii¢ kaynak ayirma yontemi
onerilmistir. Onerilen yontemler, yiiksek derecede yankilanan ve yankilanmayan or-
tamlarda ¢ok sayida tutarli veya neredeyse benzer kaynaklar iceren sahnelerin analiz
edilmesine izin verir. Algoritmalar1 agiklamanin yani sira, performanslarini nesnel ve

0znel olarak degerlendirip, hesaplama gereksinimleri de analiz edilmektedir.
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem Definition

Immersive audio is a set of techniques used to mimic the auditory scenes we hear
in real life. It provides a "life-like" sound experience to the end-users, unlike the
traditional methods. As this new audio experience surrounding the listener, creates a
sensation over the audience for source arrival directions by creating credible auditory
imitation. Disruptive innovations in recording, encoding, and transcoding between
immersive audio formats gain importance for the industry thanks to ever increasing

capacity of communication networks.

Object-based audio is the first step towards representing an audio scene that is ag-
nostic to the configuration of the loudspeakers [8]] [9]. Instead of focusing on the
chain’s reproduction end, object-based audio representation aims to demonstrate dis-
crete sound sources in the auditory scene. These discrete sound sources, also called
objects, are identified by their positions and the sound signals they emit. A renderer
at the playback end of the chain is tasked with recreating the object at the specified
position. Being at the playback location, the renderer can be made aware of the ge-
ometry of the loudspeaker rig and therefore can generate the appropriate signals for
the speakers to create the spatial localization of the sound object. Object-based audio
can overcome user interaction problems with the audio renderers using the metadata

and channel-based recorded objects.

As the production pipelines and transmission infrastructures for object-based audio
are already in place, the high-quality capture of audio objects is still an active field

of research. More specifically, transcoding methods between scene and object-based



formats are needed for extracting audio objects and their metadata containing source
direction of arrivals (DOA), gain, and semantic information from scene-based record-
ings. Transcoding between scene-based to object-based representations can be formu-
lated as a source separation problem. Automatic generation of metadata that accom-

panies the audio objects is in part of a DOA estimation problem.

An automatic transcoding process from scene-based to object-based representation is
a highly demanded solution for delivering real recorded audio scenes in object-based
formats to the end-user experiences. This would help the potential target devices to
create object-based audio rendering from the scene-based recordings. MPEG-H 3D
Audio is a new standard for spatial audio coding developed by the ISO/IEC Moving
Picture Experts Group (MPEG) [10]. MPEG-H 3D audio implementations should ful-
fill low latency, high quality, and localizable audio requirements, and the quality of the
sound after decoding should scale up with the bitstream transferring rate. Although
low computational cost is in the secondary requirement group, the decoding phase’s
operations should be computationally efficient for real-time operations. This stan-
dard also provisions universal representation of encoded 3D sound in channel-based,
scene-based, and object-based formats. While the former two are part of the standard
mainly for backward compatibility reasons, the latter format allowing unprecedented
flexibility while rendering spatial sound is the main novelty. This format consists of
many channels to be mixed for creating the sensation of the scene-based audio using
the speakers. According to the bandwidth limitations for transmission, Higher Or-
der Ambisonics (HOA) is the technique for storing, transmitting, and reproducing the
sound field with the higher-order degree of spatial resolution. Representation of the
recorded acoustic field in HOA also simplifies the scene representations. Production
and reproduction phases of the object-based, scene-based, and channel-based audio

formats with the MPEG-H referenced implementation are given in Fig. [I.T]

Spherical microphone arrays are useful tools for scene-based audio recordings due
to their advantages for providing a multi-channel full azimuth and elevation cover-
age in the recording case for real-life conditions [11]. Besides, spherical harmonic
decomposition (SHD) is an encoding method using the microphone arrays to repre-
sent the scene in spherical harmonic coefficients. Scene-based audio renderers are

already available in the recent electronic device market to reconstruct the sound field
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Figure 1.1: Production and reproduction phases of the 3D audio with the MPEG-H

referenced implementation.

physically with HOA using the speakers. However, an efficient solution to extract
audio objects from HOA is still needed. It is an important research field to make this

transition via acoustic scene decomposition.

As the auditory perception of the human being is 3D in real life, estimating the DOA
for multiple sound sources is a fundamental step for acoustic scene analysis. Many
application areas, such as robot audition and object-based audio (OBA) broadcast,
require computationally efficient DOA estimation to allow real-time operation. On
the other hand, the scene would comprise several similar acoustic sources located in
different positions with different sound pressure levels. It is not easy to separate the
sources having similar frequency features from only their spectrograms. Separation
of these sources requires grouping frequency components over the time-frequency
domain according to their direction of arrivals. Therefore, understanding the scene
with the DOA of the active sources on behalf of separating them can be the main

objective for the auditory scene decomposition.



1.2 Proposed Methods and Models

According to the problem definition, this thesis’s primary motivation is developing
an acoustic scene analyzer to extract audio objects and their metadata using scene-
based recordings. While this analyzer can be placed at the production phase in the
implementation, it is also needed for the end-user devices to cover the cases where the
object-based format is not available. The corresponding tool’s position in the refer-
enced MPEG-H implementation is given in Fig.[I.2] The pink box has a transcoding

objective between scene-based to object-based formats.
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Figure 1.2: Acoustic scene analyzer designed to use after MPEG-H decoder.

The methods developed in this thesis are presented in two parts as multiple source
DOA estimation and source separation. Two different DOA estimation methods are
proposed to extract the spatial information of the acoustic scene. One of the methods,
Hierarchical Grid Refinement (HiGRID), has matching accuracy and lower computa-
tional cost in comparison with the Steered Response Power (SRP) based methods us-
ing higher-order spherical harmonics. The other one, Residual Energy Test (RENT),
operates at a lower computational cost and underlies the source separation techniques

proposed in this thesis.

In this study, three novel source separation methods are also proposed to extract the
original signals while the other sources’ interference and reverberation are available.
The first one is an Orthogonal Matching Pursuit (OMP) based acoustic source sep-
aration technique that uses a fixed spatial filter for source separation. The next one

is an adaptive source separation technique, which models the spatial distribution of
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the acoustic sources in each time interval, and uses an adaptive filter that separates
each desired source. The last one is a post-processing Wiener filter calculated using
the signal and noise covariance matrices extracted from the recordings. This post-
processing enhancement technique can be used after beamforming and other source

separation techniques.

1.3 Contributions and Novelties

The main contributions are as follows:

e An accurate DOA estimation technique was developed and published in the
"[EEE/ACM Transactions on Audio, Speech, and Language Processing". The
study’s title is "Multiple Sound Source Localization With Steered Response
Power Density and Hierarchical Grid Refinement". It provides a novel ap-
proach to decrease computational cost compared with the Steered Response

Power (SRP) based approaches.

e A method was proposed for the detection of time-frequency bins that have
single-source contributions. This method can also be used as a DOA estima-
tion technique if clustering is applied as a post-processing stage on the DOA
histogram. The study was presented at the "[EEE International Conference on
Acoustics, Speech, and Signal Processing (ICASSP), 2019". The study title is
"Multiple Sound Source Localization with Rigid Spherical Microphone Arrays
via Residual Energy Test". Residual Energy Test that relies on a sparse plane

wave decomposition is defined in this publication.

e An effective acoustic source separation technique is proposed to extract the
original signals from the multichannel recordings over the reverberant envi-
ronment. The study is presented in the "International Workshop on Acoustic
Signal Enhancement (IWAENC), 2018" conference. The study title is "Acous-
tic Source Separation Using Rigid Spherical Microphone Arrays Via Spatially
Weighted Orthogonal Matching Pursuit."

e Another contribution is the acoustic source separation via Residual Energy Test

(RENT). This method extracts the sources’ spatial distributions around the rigid
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sphere via fitting the data into the Kent distribution. It is used as an adaptive

spatial filter instead of using a fixed spatial filter.

e A novel approach is proposed to design an adaptive Wiener post-filter via RENT.
This filter is designed as a weighting mask with the computation of active
source and noise power spectral density (PSD). It is available as a post-processing
stage for the available source separation techniques via weighting the acoustic

sources in each time-frequency bin.

1.4 The Outline of the Thesis

The thesis is divided into six chapters. After this introduction and problem formu-
lation, Chapter 2 surveys the primary background of acoustics, spherical harmonics,
and rigid spherical microphone arrays (RSMA). This part also comprises the litera-
ture about acoustic source DOA estimation and separation. In Chapter 3, the novel
methods are introduced and expressed in problem formulations. The main goal here
is to introduce the theoretical framework for DOA estimation and acoustic source
separation in highly reverberant environments. In Chapter 4, evaluation of the cor-
responding methods will be presented. The evaluation setups contain controlled real
emulation scenarios and as well as real recordings. Statistical analysis methods are
also applied to the randomly selected scenarios to follow the covariance effects over
the separation algorithms. This chapter also introduces the evaluation of the proposed
methods to state of the art, and then proposed approaches are subjectively evaluated
in a multiple stimulus, hidden reference, and anchor (MUSHRA) test. The com-
putational cost between the methods is also investigated. We discuss the methods
developed during this work with their key findings and limitations for different cases
in Chapter 5. Finally, in Chapter 6, we summarize the thesis’s significant findings and

propose issues inviting future research.



CHAPTER 2

BACKGROUND

2.1 Sound Wave, Pressure, Intensity relations

The speed of sound depends on the type and temperature of the medium in which
propagation takes place. This medium is the air in the room acoustics. The speed
of sound changes according to the temperature of the surrounding air medium and is

given in (2.1, where T, is the ambient temperature [12].
¢ = (331.4 4+ 0.6T,) (2.1)

Sound pressure is the measurement of the local pressure deviation from the ambient
atmospheric pressure. It changes within time, speed, and the medium’s viscosity. It is
a scalar quantity and can be measured using a microphone at any position inside the
air medium.

ov(z,w)

poc—pg— = —Vp(z,w) (2.2)

The law of conservation of momentum leads to the relation between pressure (p)
and particle velocity (v) as shown in the equation (2.2)), where the radial frequency

component is represented with w and ambient density as pg [12].

While sound pressure is a scalar component without any information about the parti-
cles’ oscillatory directions, the acoustic intensity is used as a vectorial quantity that
denotes the acoustical energy’s flow direction. It is mainly used for the identification
of radiation characteristics of sound sources. At a given time instant and position,
I5(x,t) as the instantaneous acoustic intensity can be calculated with the multiplica-

tion of the pressure and particle velocity.
Li(x,t) = p(z, )" (z,1) (2.3)
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Monochromatic plane wave refers to a plane wave consisting of a single frequency
and propagates in a direction across the free medium. The summation of the mul-
tiplication between pressure and the complex conjugate of particle velocity over the
period T' = 1/ f denotes complex intensity for monochromatic sound field [13]].
1 to+1

Ii(x) = 5T /to p(z, t)v*(z, t)dt (2.4)
Particle velocity measurement is not as straightforward as measuring sound pres-
sure and requires the usage of special probes. There are two different types of such
probes [14] [15]: (1) p-p arrays which use several pressure-sensitive elements (i.e.,
omnidirectional microphones) to approximate the particle velocity component with
the help of microphone positions and (2) p-u arrays that directly measure the axial

components of particle velocity and the pressure values at the positions.

2.2 Acoustical Field Descriptions

Acoustical fields can be represented as a combination of simpler building blocks such
as plane waves. The fundamental acoustics concepts used in this thesis are explained

in this section.

2.2.1 Plane waves

In acoustical free field, pressure p(w, x, t) is a function of both space (position) (x),
frequency (w) and time (¢). Sound pressure satisfies the homogeneous acoustic wave
equation and it is expressed as [[16]] :

1 9*p(w,x,t)
Vip(wx,t) = 53— =0 (2.5)

For a fixed frequency, the solution of the differential equation is:
p(w,x,t) = p(w,x,t)e™", (2.6)
where w is the radial frequency defined as w = 27 f.

By expressing the wave equation p(w, X, t) with the notation of p(k, x,t) where k is

. . W . . .
the wavenumber in radians per meter defined as k = —, this expression is called the
c



Helmholtz equation [17]] and is given as:
Vip(k,x,t) + E*p(k,x,t) =0 2.7)

The plane wave’s sound pressure definition given for a monochromatic plane wave

which satisfies the equation (2.7) is given.
pk,x,t) = Ak x it (2.8)

In the equation (2.8), k is the wave vector defined in Cartesian coordinates as k =
kyu, + kyu, + k.u, gives the direction of the plane wave propagation in the free
medium and x is the position vector. By expressing the unit amplitude acoustic wave

equation in the spherical coordinates, the resulting plane wave will be presented in

the equation (2.9)) [18].
p(k,r,t) = 4mi"jn (kr)Y;" (6, §)e™, (2.9)

where j,(kr) is the spherical Bessel function of the first kind [19] and Y,"(, ¢) is

the spherical harmonics with order n and degree m [20]].

2.2.2 Spherical harmonics

Spherical harmonics are a group of functions used to solve partial differential equa-
tions in different disciplines. While a complete set of orthonormal basis can be formed
with the spherical harmonics, functions defined on a sphere can be represented as a
sum of spherical harmonics [20]. The spherical harmonic function of order n and

degree m is given in the following equation.

" o 2n+1(n—-m)! imé
Y, (6, ¢) —\/ g (n+m)!P” (cos@)e™?, (2.10)

where 0 < 6 < 7 is the inclination angle defined from the positive z-axis, 0 < ¢ < 27
is the azimuth angle defined from the positive z-axis, and P! (cos ) is the associated
Legendre function of order n and degree m [21]], where n € Z* and, m € [—n, n].

Representation of spherical harmonic functions calculated in 3D view for different m

and n are represented in Fig.

Properties of the spherical harmonic function: Some of the important properties of

the spherical harmonic function are given below [20]:
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Figure 2.1: Spherical harmonic function Y,,,, for different n and m.

e Spherical harmonic function is a complex-valued function which contains the

term e™?. The original function’s complex conjugate can be presented as :

e Degree, m € Z of a spherical harmonic function is limited by its order n.

m € [=n, n] (2.12)

e Completeness of spherical harmonics:
SO W0, 0, 6) = 6(cosh — cost)d(6—¢),  (2.13)
n=0 m=-n

where §(.) is the delta function which is equal to 1 (impulse), when its argument

is equal to 0.
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e Spherical harmonics addition theorem:

n

ST YO )Y o

m=—n

=2 p cose), (2.14)

where cos © = cosf cosf + cos(¢p — ¢ )sinfsin is the angle between the
vectors having angles of (0, ¢) and (6, ¢') , P,(cos ©) is the Legendre polyno-

mial.

2.2.3 Spherical harmonic decomposition of a monochromatic plane wave

Similar to complex exponentials forming a basis for expanding arbitrary smooth func-
tions in Fourier analysis, a linear combination of plane waves can be used to expand
arbitrary pressure fields into a finite number of components. A practical method to
achieve this decomposition is via spherical harmonics. Therefore, representing a sin-
gle plane wave in the spherical harmonics domain is an essential starting point for

analyzing the acoustic scene.

Sound pressure measurement according to the origin for a monochromatic plane
wave with unit amplitude and propagating from the direction of (6, ¢y.) is expressed

as [16]:

o0 m=n

n=0 m=—n

where 6, ¢ is the steering direction. According to spherical harmonics’ completeness
property, a unit amplitude is obtained where the steering direction over the sphere and
propagating direction of the plane wave are equal. By using (2.14)) in the derivation
of (2.15)), the final expression contains Legendre polynomials that are dependent on

the angle difference between the steering and the plane wave propagating directions.

NE

pk,r,©) = > i"j,(kr)(2n + 1)P,(cos O), (2.16)

I
o

n

where © is the angle between (6, ¢x ), (6, ¢) and represented as cos © = cos 0, cos 6+
cos(¢pr — @) sin b sin 6.

As a general form obtained within the limitation of the spherical harmonics order /N,
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equation (2.16) is simplified with the following expression.

ol 2N 41 Pn41(cos(©)) — Pn(cos(©))
;(Zn T ) Pa(cos©) = 47 Pi(cos(©)) — Py(cos(O)) @.17)

The resulting plane wave pressure distribution with the dependence over the order
limitation N and © is revealed in Fig. 2.2l We will define this distribution as a

Legendre kernel.

1.0

0.8

0.6

0.4 -

Fui(®)

a[ —m, ]

Figure 2.2: Legendre kernel distributions for different N. Wj is the zero crossing

beam width of order N = 1.

2.2.4 Composition of an arbitrary sound field with monochromatic plane waves

over rigid or open surfaces

As spherical harmonics represent the sound field around the sphere according to di-
rectional features, the sound field can be composed of plane waves having amplitudes

of a(k, 0k, ¢r). The sound pressure on the sphere from the direction (6, ¢) can be

12



calculated using (2.18]) [16]].

2w ™
pr0.0) = [ [ alh. 00,000 sinodods, 2.18)
o Jo
where (7,0, ¢) is the positional vector expressed in the spherical coordinate system.

As a general form with spherical harmonic functions, the sound field can be repre-
sented as a linear combination of spherical harmonic basis vectors. The resulting
formula is the representation of plane wave composition for the spherical harmonics

domain.

pk,r,0,6) =Y > anm(k)Y"(6,0) (2.19)

n=0 m=—n

For plane waves having unit amplitudes as in equation (2.13)), the spherical harmonic

coefficient a,,, (k) can be extracted as within the following equation.
A (k) = 47" 5, (kr) [V Ok, o1)]7, (2.20)

where j,(kr) is the first order spherical Bessel function by assuming the medium is
open where there is no scattering surface, and r is the distance from the origin. When
a scatter such as a rigid sphere is present in the scene, both incident and scattered
fields will be present. This case will be discussed in the section about rigid spherical

microphone arrays.

2.3 Spherical Microphone Array Design Parameters

This section outlines some of the basic concepts related to microphone arrays hav-
ing a spherical structure. Theoretical analysis of sound fields typically considers a
continuous spherical aperture in continuous measurements. However, this condition
is not feasible for real-life conditions where data bandwidth and physical limitations

require sampling the sound field at a finite number of points.

Positioning a limited number of microphones over the sphere would result in a mini-
mum spatial resolution requirement for splitting the plane waves. The equation (2.17))
in a limited order (N) defines a plane wave representation over the sphere. As the
plane wave distribution according to the angle O is given in Fig. main lobe width
On (the widest beam in the positive axis) is extracted in the Fig. for different
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spherical harmonics order. Rayleigh condition, which is the minimum angle differ-
ence constraint for multiple sources to display them separately, is estimated using the
formula © y ~ £ [22]. The estimated function and zero crossings width (1¥/2) of the
plane wave according to the Fig. [2.2] are displayed in Fig. 2.3|for different truncation

CITorS.

—— Zero crossings {W/2}

3.0 7 mA\N

2.5 4

2.0 4

1.5

Main lobe width in &

1.0

0.5

0.0 o

T
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N

Figure 2.3: Main lobe width © 5 according to the Fig. in radians with respect to
the order N

Spherical Harmonic Decomposition (SHD) over the spherical microphone ar-
rays : Although the knowledge of the pressure distribution at infinite small slices
over a sphere provides accurate observations for the sound field analysis, this is im-
possible due to practical limitations that no such continuous surface sensor exists.
This problem makes it necessary to sample the spherical surface at a finite number
of points by allowing a band-limited reconstruction of the sound field. Sampling
is directly related to the numerical integration of the pressure distribution over the

sphere [22].
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Estimating the pressure distribution on and around a sphere depends on the sampling
configurations such as the microphones’ angles and their represented areas as quadra-
ture weights on the sphere. Several sampling methods exist on the sphere such as
equal-angle, Gaussian, Lebedev, uniform, and nearly uniform sampling schemes [16].
The spatial information accuracy in azimuth and elevation can change with respect to

the positioning of microphones.

As the knowledge of microphone positions on the sphere is crucial for spatial infor-
mation acquisition, open spherical microphone arrays such as p-p arrays use micro-
phone sampling positions to calculate the particle velocity at the center [15]. It is
then used to calculate the acoustical intensity estimations for the direction of arrival
(DOA). Another method used for open or rigid spherical microphone arrays to repre-
sent the sound field around the sphere as a combination of multipoles is the spherical
harmonic decomposition (SHD), also known as Spherical Fourier Transform. The
relation between the maximum feasible order (V) of the SHD and the number of

sampling points ((Q) on the sphere is defined with the following definition [16].
Q> (N +1)° 2.21)

For example, if a maximum order of spherical harmonics is selected to be 4 that
needs to be decomposed from the sampling microphones over the sphere, the number

of discrete microphones should be at least 25.

Quadrature methods are used to approximate the integral of a function over a given
domain by sampling it with a finite number of sampling points. In general, spherical

quadrature is defined in the equation (2.22)) [11].

/% /W £(6, ¢) sin(0)d0de ~ quf (0, ), (2.22)
0 0

where wy, is the quadrature weight, () is the number of sampling points, 0, and ¢, are
the elevation and azimuth angles of the sampling positions in spherical coordinates

according to the microphone (q).

Spherical Fourier Transform (SFT) is used to express the function defined over a
sphere using periodic spherical harmonic functions on the sphere. A sound field

can be described using the spherical harmonic coefficients. If the continuous func-

15



tional form of the pressure distribution is known, SHD can be calculated using equa-

tion (2.23) [[L1].

o — / ’ / " 160, 6) [0, 9)) sin(6)d0ds (2.23)
0 0

By discretizing the continuous pressure distribution over the sphere, SHD is calcu-
lated using an appropriate quadrature scheme with a finite number of sampling points.

It is expressed with the following formula [11]:

Q
aum = ) (04, $)[Y," (64 60)] w0y, (2.24)
q=1

where f(6,,¢,) is the pressure measured by the microphone at the sampling posi-
tion, w, is the quadrature weight related to the sampling scheme, and (6,, ¢,) are the

sampling directions in spherical coordinates.

For SHD over spherical microphone arrays, three parameters are used in the computa-
tions: (1) the pressure measured by each microphone, (2) the microphones’ locations
over the sphere, and (3) the quadrature weights related to the area represented by
the sampling microphone. As examples, mostly used four types of spherical quadra-
tures: equal-angle, Gaussian, uniform, and the truncated icosahedron (Eigenmike

em32 [23]), are presented in detail.

1. Equal-Angle Sampling: [16] Over the sphere, azimuth and elevation specify

the direction of a point. Azimuth is represented as ¢ € [0, 27) and elevation is
represented as 0 € [0, 7). Equal-angle sampling results in splitting the angles
into 4(A + 1)? slices for azimuth and elevation. The resulting angle differences
between each sampling position will be equal to each other. Sampling position

angles are calculated with the following expressions.

1 s
0, = (g + §)m7 q=0,..,2A+1 (2.25)
by = 4T —0,..,2A+1 (2.26)
q_q2A+27 q=2yu, .., .

The quadrature weights for each microphone position are calculated as in the
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following formula.

A
2w . 1 ) )
Wy = msm(@q) Z 2 11 sin([2¢ +1]0,), ¢=0,...,2A+1,

’

q=0

(2.27)
which allows a maximum order N < 2A + 1 in SHD.

. Gaussian Sampling [16]: The Gaussian sampling is the generation of a sam-

pling scheme with equal angle slices in azimuth and elevation separately. In
this scheme, 2(A + 1) points are selected in azimuth, and A + 1 points are

selected in elevation. The angles are defined with the following expressions.

0, = =0,..,A4 2.28
q (A + 1q)7 q ) ) ( )
bg = (———q), ¢=0,..,24+1 (2.29)
q A—qu’ q_ RS .
Then, the quadrature weights for each microphone position are calculated.
m 2(1 — cos?6,)

qg=0,.. A, (2.30)

YT AT D (AT 22 5(cos6,)’
where P, (.) is the Legendre polynomial. Total number of sampling points will

be 2(A 4 1)? . The maximum order for SHD is given as N < v/2(A + 1) — 1
using the equation (2.21)).

. Uniform Sampling [16]]: The main criterion for this type of scheme is having

equal quadrature weights for each sampling point. Quadrature weights are
placed according to the number of sampling points (()) using the formula in

the finite approximation of the surface integral.

/%/ £(0,6)sin(6 d@dqﬁNMZf (64, b4) 2.31)

There are 5 different uniform sampling schemes. These are tetrahedron (4 ver-
tices), cube (8 vertices), octahedron (6 vertices), dodecahedron (20 vertices)

and icosahedron (12 vertices).

. Truncated Icosahedron [24]] : Eigenmike em32 is a popular spherical micro-

phone array that is used for sound field analysis [24]. It uses a truncated

icosahedral arrangement of microphones over a rigid sphere. Each vertex on
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a truncated icosahedron has a neighborhood, with the other vertexes having 5
or 6 other vertices. Truncated Icosahedron has a total number of 32 sampling
points. This type of scheme assumes that the quadratic weights are equal as in

equal area sampling, despite small area differences.

2.4 Rigid Spherical Microphone Arrays

For a rigid spherical microphone array with ) microphone elements positioned at
(64, ¢4). the spherical harmonic components up to a maximum degree of n = N can

be calculated using numerical quadrature.

Q
Anm = Z wqp(elﬁ qu) [Ynm(eqa qu)]*, (2.32)
qg=1

where w, are used as quadrature weights associated with the sampling scheme and
p(0,, ¢,) are the pressure measurements acquired from the microphone q positioned

at the location 6, ¢,.

A bandlimited approximation to the pressure around rigid sphere of radius r, is pre-

sented with the equation (2.33).

N n
p(k,0,6) =" Y anm(k)Y,"(6,0), (2.33)

n=0 m=—n
where k& = 2mf/c is the wavenumber and c is the speed of sound. The spherical
harmonics due to a unit plane wave incident from the direction (6, ¢) and with a

frequency f, can be written as a truncated series for r > r, [22].

Anm (k) = 4mi" by (ko) [V (05, d5)]" (2.34)
with k)
_ Inlkra) 4 (o)
bn(kr) = ]n(kr) - mhf (k’l’), (235)

where 7,(+), hf)(), and hg)/(') are the spherical Bessel function of the first kind,
spherical Hankel function of the second kind and its derivative with respect to its
argument, respectively. This function denotes that the spherical harmonic expression

can be decoupled into the acoustic field’s directional and frequency components. The
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f = 2578 Hz bn(kr)
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Figure 2.4: b, (kr) for different kr and n. f = 2578 Hz is calculated for r = 4.2 cm.

frequency response due to an incident plane wave on a scattered field, b,,(kr) is named
as mode strength and presented in Fig. 2.4 for different values of n. Notice that
this response needs to be equalized to obtain only the sound field’s direction-related

components as decoupling from the frequency components.

Steered Response Functional: The maximum order of spherical harmonic coeffi-
cients is limited according to the number of sampling points for the RSMA. There-
fore, only a spatially low-pass approximation can be obtained. It may be denoted by

the spherical harmonic addition theorem [22]. The order limitation (N) results in

anm m
Nk, 0,¢) = Z Z y m Y0, b). (2.36)

n=0 m=—n

The resulting functional, yy (k, 0, ¢) is called the Steered Response Functional (SRF).
The steered response function’s spatial resolution depends on the maximum order

limit for the SHD coefficients. SRF can also be defined as maximum directivity beam
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factor (MaxDF) steered in the direction (6, ¢). The selected beams have maximum
directivity in the selected steering direction, and they are called the regular beam
pattern and have resulted in the maximum suppression of the side lobes [22]]. SRF
as yn(k, Q) can be expressed in matrix formulation with 2 = (6, ¢). According to
Fig. 2.4] it should be noted that using higher-order spherical harmonics in the SRF
computations for low-frequency regions (kr < 2) results in amplification of sensor
noise. Therefore, the highest order NV for the SRF should be adaptive with respect to

the working frequency region.

e SRF can be calculated with the following matrix multiplication.
yn = YB 'YHWp, (2.37)

where Y is a matrix of M x (N + 1)2, in M steering directions.{<%, }m—1...1s

with rows given as:
Y = [V, Vi (), YA Q) o, VI ()] (2.38)
e B is the acoustic reflecting and scattering component as (N + 1)% x (N + 1)?
matrix containing diagonal elements of 47i"b,, (k7).

e p=[p1ps .. pgl|" asthe Q x 1 vector containing the pressure for each micro-

phone,

e W= diag{wq}{qzl.,@} as the diagonal matrix of quadrature weights with () x

Q) vector,

o YH as the (N + 1)? x @ matrix with the g-th column given by:
YH = [Y;)O(Qq)*’Yfl(Qq)*’YlO(Qq)*, -~-7YJ\1/V(Qq)*]T (2.39)

o A= [CLO()(/{?), a1_1(k’), 0,10(]{3), 0,11(]{3), ...CLNN(]{?) ]T containing the SHD coeffi-
cientsina (N + 1)? x 1 matrix,

A =YHEWp. (2.40)

e Resulting SRF (yn) vector is calculated in the designated steering directions.

yn 1s in the dimensions of M x 1.
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Steered Response Power (SRP) Py (k, 6, ¢) is another property to measure the power

in the specified steering directions. SRP can be denoted with the following equation.

2

anm m
n (K, 0, 0) = Z Z yP T kra Y0, ¢) (2.41)

n=0 m=-—n

2.5 Acoustic Source DOA estimation methods

The direction of arrival estimation is an essential step for the sound field analysis.
Signals captured by arrays containing multiple microphones are needed to develop
DOA estimation techniques since a single pressure microphone can not carry the spa-
tial information pertaining to the acoustic scene. In this subsection, DOA estimation
methods are grouped into four categories as intensity, steered response power, sub-
space, and sparse recovery based methods. These works are related to the array signal

processing literature.

2.5.1 Intensity based methods

The real part of the acoustic intensity vectors represents the direction of flow of the
energy resulting from acoustic sources. It is possible to extract the propagation direc-

tion and magnitude of the plane waves using active intensity vectors.

Although RSMAs are not designed to measure acoustic intensity, several methods in-
spired by the energetic analysis of sound fields have been proposed. One of the meth-
ods using this approach is called Pseudo Intensity Vector (PIV). Zeroth and first-order
spherical harmonics are used to represent approximations of intensity vectors [25] as

given in the following expression:

(k) = S R{a(k) d(k)}, (2.42)

where ago(k) = abo"((k)

strength component and d = [D,(k), D,(k), D,(k)]" is a vector that mimics particle

is the zeroth order spherical harmonics divided by the mode

velocity in x, y and z directions. Particle velocity vectors in the directions of (2, are
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given via first order spherical harmonics represented as in the equation (2.43).
Yim(Qa
D,(k) =Y Lalm(k), (2.43)

where (2, are steering directions of {2, = (7/2,7), Q, = (7/2,—7/2) and Q, =

(7, 0) for the unit vectors in x, y and z planes.

The PIV is calculated for each time-frequency bin by noting the intensity vector di-
rections in azimuth and elevation as local DOA estimates, and they are formed into a
global DOA histogram. The global histogram is a spatially divided map into (A8, A¢)
slices for azimuth and elevation. Searching for the bins containing S maxima over the
global map is used for the DOA estimation for a known number, S, of sources [25]].
However, it is not applicable in highly reverberant environments or when coherent
sources are present. The number of local maxima that occur in the global map sig-
nificantly increases due to reverberation. Labeling the number of S local maxima
points does not give accurate DOA estimations if there is no elimination step as the
time-frequency (TF) bin selection. TF bin selection methods are explained in the next

part.

Subspace PIV is another intensity vector-based method for DOA estimation by ex-
tracting the components that represent the signal subspace [26]. Spherical harmonic
coefficients representing the signal subspace is used in the PIV DOA estimation. This

method firstly calculates the covariance matrix at the computational bin (7, ») as :
Ra(7, 2¢) = E{anm (7, 5¢)anm (1, 2) "}, (2.44)

where ap,, is a vector in (N + 1)? x 1 dimensions. Covariance matrix is divided into
signal and noise subspaces using singular value decomposition (SVD) as in equation

2.43).
R. = U3, U + U, =, Ul (2.45)

The actual spherical harmonics are replaced with the lower-order spherical harmonics

in the signal subspace (Ug = [dgo, @11, @11, Go1, ---; Gnm) ) Tor the PIV computations.

Spatial resolution over the sphere depends on the maximum order of spherical har-
monics. Since PIV uses zeroth and first-order, more accurate results can be ob-

tained using higher-order spherical harmonic coefficients. Augmented intensity vec-
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tors (AIV) method is used to do a grid search using higher order of spherical har-
monics over the region defined by the PIV vector’s DOA estimates [27] [28]. The
noise-free signal equations are revealed and used for minimizing the cost function.

The cost function for the AIV is defined within the following equation.

C(r,30) = > Y lanm(7, 2¢) = Vimae(r, 2)Y;;,, ()], (2.46)

n=0 m=—n
where /4mag(T, 22)Y", (Q) is used for presenting the pressure which does not de-
pend on the plane wave propagating direction. Minimizing the cost function in a
search window centered at the DOA estimate ({2p;y/) and within the direction interval

AQprv = (AbBpry, Appry) would result in the adjusted DOA estimate.
Qary = arg min{é(T, »)},Q € Qpry (2.47)
Q

These estimates are then formed in a global histogram, and the maximum-valued
indexes of this DOA histogram are identified as the source DOAs. AIV provides

more accurate results when compared with PIV.

Time-frequency bin selection methods: A preliminary step is required to detect
the time-frequency (TF) bins with single-source contributions [29] [30]. Most DOA
estimation algorithms can localize multiple simultaneous sources when DOA esti-
mates are based on TF bins that contain energy substantially from single sources.
These estimates will be more reliable. Direct Path Dominance (DPD) Test [31], and
Single Source Zones (SSZ) detection [32] are thresholding based methods used for

pre-elimination.

DPD Test relies on the SVD of the spatial correlation matrix over a time-frequency
region (7 £ J;, ¢ = J,,). The sample spatial correlation matrix is given as:

jT:JT ju:J;{

Z Z Qo (T + Jry k4 Jo0) X Qo (T + Gy %—i—j%)H. (2.48)

jT:_J‘I‘ j%:_J%

~ 1
Ra 5 = 7
() = -
SVD is the projection of the spatial correlation matrix to the one dimensional signal

subspace. Singular values are obtained from the diagonal entities of the matrix (X2).

s

R, = USUY = [U,U,] [U U2 (2.49)

2
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The ratio between the two largest singular values (3, /> .,) is compared with a
pre-defined threshold (o). If this ratio of the TF bin (7, ») positioned at the center is
greater than the selected threshold, this bin is labeled to have single source contribu-
tion. The condition results in an effective rank of 1 for the spatial correlation matrix

in the specified TF bin.

DPD Test is used as a preliminary step for the PIV method in reverberant environ-
ments. PIV calculates the average sum for the intensity vectors over the identified

region.
JT ];{ Jse

(i, 54) = Z > I(ri+ oy 5+ ) (2.50)

JT=—JT Jre=—">
where i is the TF bin index which passes the DPD Test and J = (2.J, + 1)(2J,, + 1).
This intensity vector is used to find the local DOA estimates referenced by the center
TF bin (7;, 5¢;). This method is named DPD-PIV and provides DOA estimation more
accurately compared with the method PIV without DPD.

The incremental study uses the center TF bin referenced by the DPD Test in the
computation of the intensity vectors. That modification also reveals more accurate
results than DPD-PIV [29]. This method is named DPD-SS-PIV, and it is used as a
single intensity vector computation instead of averaging the intensity vectors over the

adjacent TF bins.

SSZ detection is another technique to find TF bins that have single-source contri-
butions [32]. SSZ is checked over K frequency-adjacent TF bins to find whether it

satisfies the following criterion or not.

Rij (7, K) >1-— 2.51
Z¢R“¢K)Rj,j(7,f() =70 @351

where R; ;(1, K) = Y x| Xi(7,2)X;(7, )| is the cross-correlation between the
adjacent microphone signals (7, j) in time (7) and frequency (), € is a pre-defined
threshold and L is the number of the possible combinations for the adjacent micro-
phones. If this criterion is satisfied, the method assumes that only one source is

dominant over K frequency-adjacent bins.

The elimination of TF bins in a pre-processing stage reduces the total cost of DOA

estimation methods because it blocks a significant number of computations at each
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TF bin. Pavlidi et al. use intensity vectors over the TF bins, which passes the SSZ
criterion to form the DOA histogram [30]. Computation of the intensity vectors for
each TF bin passing the SSZ test gives local findings. The DOA map can be extracted
for the specified time interval by joining local DOA estimates into a global histogram.
Then, the source count and DOA estimations for the time interval are extracted using

a Gaussian function smoothing over the DOA map y(6;, ¢,) such that:

(]
where wy = 27302 e 2 = . The location (6, ¢) having the maximum value over the

function y, is detected as the first DOA. Then, the contribution of the maximum-
valued index is subtracted from the DOA histogram. It continues up to having a flat
histogram, which does not have a maximum value. The source count is regarded as

the number of iterations.

Pavlidi et al. also propose an improvement over the local DOA (6, ¢) estimations via
beamforming in a number of directions (2¢ + 1)? over the adjacent spherical sector
(0 £ eAf, p £ eA¢) using higher-order of spherical harmonics [33]]. The main objec-
tive is searching for an index with a greater beamforming magnitude than the output
collected from the beamforming over the intensity vector’s DOA. Before inserting the
local DOA estimates to the global DOA histogram map, intensity vector estimates are

updated with more precise results using beamforming in narrower slice directions.

2.5.2 Steered Response Power (SRP) based methods

Beamforming using RSMA s involves summing the linear combination of eigenbeams

(i.e., spherical harmonic components) and is given as :

n

N 1 Q
y(T, ¢, Q) = Z b (k) Z Yom (€24) Zl WoPy (T, 7)Y 1 (), (2.53)
—

n=0 m=—n

~
SHD : anm (T, )

where p,(7, ) are the microphone signals after time-frequency decomposition, w,
is the quadrature weight associated to each microphone (g), €2, are the microphone

positions, and {2, is the steering direction.

25



SRP is defined as the output power of a maximum directivity factor steered beam-
former corresponding to different steering directions. SRP map obtained for the TF

bin (7, ») is given with the expression.
P(7,5,Q4) = |y(1, 3¢, Q)| , Q4 € ([0,7),[0,27)) (2.54)

DOA estimation via maximum-valued SRP finding involves steering the maximum
directivity factor beams in all possible directions. This condition results in a high
computational cost that is not feasible for many applications. The spherical arrays’
physical design parameters, such as microphone positioning, directly affect the beam-
former output’s accuracy [34]]. Spatial aliasing is another factor that degrades the
DOA estimation accuracy, and it puts a constraint such as a minimum directional

difference between the acoustic sources to detect their DOA [22].

The main idea behind SRP is beamforming in the pre-defined directions on the sphere

and searching for the direction having the maximum power.
Q) = argmax |y(7, k, Q,)|? (2.55)

This computation can be handled over all TF bins or TF bins selected from a pre-
processing stage to decrease the computational cost. These selected TF bins are only
used for the maximum directivity power search. Sec.[2.5.1] describes the TF bin se-

lection methods as DPD and SSZ in detail.

For multiple coherent sources, the SRP functional will have multiple peaks corre-
sponding to respective source DOAs. These can be accurately identified by using a
dense search grid with the desired resolution. However, this brute-force approach is
not usually suitable for practical applications due to its high computational cost. The
spatial detail that SRP can resolve is approximately w/N also known as Rayleigh
condition [22]. In other words, only sources having angle differences more than 7 /N

between their DOAs can be discriminated as separated sources.

SRP can also be defined using the phase transform as SRP-PHAT [35]. As the DOA
estimation of a single source is determined by searching the local or global peaks in

the SRP, phase transformed SRP is defined as :

(n+1)T
P = [

T

M 2
Z wymy(t — 7(x,%x))| dt, (2.56)
=1
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where w; is the weight, m; is the original microphone signal and 7(x,x;) is the
time delay of the source from x according to microphone position x;. The cross-
correlation of the microphones for all possible pairs are used to determine the SRP.
The frequency-domain representation can be seen from the following equation (2.57).
This function represents a formulation to steer along with the position x. The objec-

tive is to find one or more maxima that identify the source DOAs over the SRP.

M M
=> > / Wi (1) Wy (1) My () M (w) el (720 =m0 gy (2.57)

k=1 I=1

In order to avoid selecting the same microphones for the SRP-PHAT, the equation is

corrected as:

Z Z / U (1) M (w) My (w) 70 =76e3) gy (2.58)

k=1 l=k+1

where Wy (w) = is the inverse of the magnitudes of the frequency com-

ponents for normalizing the SRP-PHAT. Searching for the maxima points over the
full medium coordinates is not a computationally efficient way. Therefore, Course to
Fine Region Contraction (CFRC) is the proposed technique to volumetrically local-
ize sources in mediums such as a room or a concert hall by starting from larger grids
to smaller volumes iteratively [35]. This method is preferred to decrease the higher

computational cost, which occurs when steering smaller subvolumes for the whole

region.

While the main lobe obtained through maximum directivity factor (MaxDF) beam-
forming does not result in sharp DOA estimations, Chu et al. propose a method via
deconvolution of MaxDF with what they term as the CLEAN-SC filter to obtain nar-
rower beamwidths and more accurate DOA estimations [36] [37]]. This method also
eliminates the diffuse fields and back lobes in the opposite directions occurring for

the MaxDF map.

2.5.3 Subspace-based methods

Subspace-based methods deal with noise and signal subspaces in the cross-spectrum

matrix. Classical spectrum estimation methods such as MUSIC and ESPRIT [38] [39],
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have been adapted to use via spherical microphone arrays with a formulation within

the spherical harmonic decomposition framework [3].

The received signal or the pressure on the microphone positioned over the spherical

array is represented with a standard signal representation.
D
pa(k) =Y vga(k)sa(k), (2.59)
d=1

where s4(k) is the complex magnitude of the plane waves and v (k) = e’ Kdra js the
phase component of a plane wave with a wave vector kg and at a microphone position

rq over the sphere. The pressure signal vector is given in a compact model.
Pq = VqS, (2.60)

where v = [vg1(k), vp2(k), -+ ,v,p(k)] and s = [s1(k), s2(k), -+, sp(k)]T. In the
condition of noise inserted to the spherical array signal model, the model for each

microphone (q) becomes as :

Pq = VgS + 14 (2.61)

The array’s cross spectrum matrix can be formulated with the following expression
using the parameter p(k) = [p1(k)...po(k)]T, V(k) = [vi(k)..vq(k)]", n(k) =

[71(K)...ng(k)]" and assuming that the signals and noise are uncorrelated.
E{pp"} =VSVH S, (2.62)

where S = E{ss™} and S, = E{nn™}. The spatial correlation matrix of the micro-
phones’ pressure recordings over the array is in the form of ) x (), where () is the

number of microphones.

While the spatial correlation matrix is symmetric from left to right, SVD represen-
tation of cross-spectrum matrix in the signal and noise subspaces is given within the

following expression.

S

0 X,

E{pp"} = UXU" = [U,U,)] U, U7, (2.63)

where Uy is the signal subspace in the form of () x S and U, is the noise subspace

in the form of @ x (@ — S), where S is the source count parameter. The number
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of ( — S) minimum-valued singular values over the matrix X represents the noise.
The unknown parameter input for the subspace-based methods is the source count to

separate the signal and noise subspaces.

By using the noise subspace matrix U,, a MUSIC DOA map is obtained as steering
in all possible plane wave directions [38]].

1

_ 2.64
aU,UHa*’ (2.64)

Pyusic =

where a is the steering vector from the possible plane wave directions to the mi-
crophone positioning direction in the dimensions of M x @) and M is the number
of steering direction count. MUSIC provides a much sharper DOA spectrum for

monochromatic sources when source count is a priori known.

Minimum Variance Distortionless Response (MVDR) is another technique to min-
imize the contribution of noise and other acoustic sources coming from any other
direction than W,, by setting a fixed gain on the direction of ¥,,,. MVDR spectrum is
denoted within the following expression.

1

T (2.65)

Pyvpr =

where ( = E{pp™} is the cross-spectrum matrix of the pressure measurements. The
maximum entropy (ME) map given as another subspace method is calculated using

the vector ¢, which is the first column of (! and in the form of Q x 1 is seen as [40]:

P
ME H

(2.66)

The next step is searching the S maximum values from the subspace-based maps and
determining the DOA estimates using the indexes of the maxima from the possible

plane wave propagating directions in azimuth and elevation.

Khaykin et al. express the spatial correlation matrix in the spherical harmonic domain
by dividing with the mode strength [3]]. In the spherical harmonics representation, the

signal model is defined as in the following equation.

anm(k) = YE(U)s(k) + zam(k), (2.67)
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where z,m(k) = B71(kr)YH(U)n(k) is the parameter related to the array’s mode
strength and noise. U = (6, ¢) is the steering direction in azimuth and elevation. The

spatial correlation matrix is calculated as :
E{apmall } = YHSY + Z, (2.68)

where S = E{ss"} and Z = E{zumz".,} = B 1(B~1)H02. The spatial correlation
matrix is decoupled from the frequency via multiplying both sides with the mode
strength B~1. The average of the spatial correlation matrix over K frequency adjacent

bins are used in the calculations.
- 1 K
Ssup (k) = ; Ssup (k) (2.69)

where Ssup = E{aamall } is the spatial correlation of the spherical harmonics in
the form of (N +1)? x (N +1)? and N is the maximum order limitation. Decoupled
spherical harmonic coefficients are used to calculate the cross-spectrum matrix. After
obtaining MVDR spectrum, maximum values for the possible plane wave propagating
directions (W) over the spectrum define the estimated DOAs.

1
Y (%0)Sgip Y (¥o)H

Pyyvpr = (2.70)

MUSIC spectrum using SVD over the cross-spectrum matrix Sggp after noise sub-
space detection Z = E {Zam2_} is observed to search over the possible plane wave
directions (V). MUSIC spectrum is defined as :

1
Y (00)ZY (¥y)H

Pyusie = (2.71)
Although subspace-based methods output accurate DOA estimations seen in Fig.
their performance suffers where coherent sources occur. For such conditions, they
require source count as an input to select the signal and noise subspaces before seek-
ing maxima in the resulting DOA spectrum. Coherent sources occurring for the same
spectrum can be split according to the source count parameter. If the number of
sources occurring in the same TF bin is known, the source counts D can be used to de-

cide for partitioning the cross-correlation matrix into signal and noise subspaces [41].

Kumar et al. propose another method using near field MVDR beamforming instead

of far-field MVDR as an improvement to subspace-based methods in near field source
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MVDR and SRP of the single plane wave
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Figure 2.5: Steering in 1° azimuth and elevation for MVDR [3] and SRP of a plane

wave propagating in directions of (45°,60°) in elevation and azimuth.

localization [42]]. Steering MVDR weights are given as :

SsiipBr. YH (T,
Wim = SILD e L) (2.72)
Y (¥s)B SsupBr. YH ()

where B, is the mode strength calculated for the radius 75 and W, is the angle of mi-
crophones. MVDR spectrum steering in the directions of W; is given in the following
expression.

WG = |wit B, YH(T))| (2.73)

MVDR method is categorized as a benchmark to control the DOA estimation accu-
racy of the proposed methods in the non-reverberant environments. However, the
performance of MVDR beamforming relies on accurate spatial covariance matrix es-
timation. Accurate DOA estimation can not be easily obtainable for the cases having
coherent sources or strong reverberation. The technique’s performance degrades in
determining the source DOAs accurately for such cases. Optimization of the MVDR
spatial covariance matrix as diagonal loading and analyzing it in short time intervals

are also studied in the literature [43]] [44].
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2.5.4 Sparse recovery based methods

Sparse representation aims to express the signals in small number of coefficients. It
is significant for data-intensive applications such as machine learning or communi-
cation channel estimation to decrease the computational cost because the amount of
data rapidly increases using large number of sensors. If the signal is collected from
a sensor, it would be possible to have the sensor emitting already compressed infor-
mation or represented in sparse before transmission. For example, HOA is a form of
the acoustic scene sparse representation. The sparse recovery literature for the signal
model in the spatial domain deals with the location-based dictionary items. In this

subsection, sparse recovery based techniques for the DOA estimation will be issued.

The signal model for the approximation using a sparse set of atoms from a redundant

dictionary X € R**™ is given with the equation (2.74).
y = XA +e¢, (2.74)

where A is an m x n matrix with fewer columns than rows (n << m) and € is
the residual error that is ideally orthogonal to X. The main goal is to approximate
l, norm to find a vector X such that the [, approximation error ||x — X||,, is close to
min,/ ||x — x ||, where X  covers all vectors over k non-zero terms in the dictionary

X [45].

Xu et al. propose a method to reduce computational cost for the estimation of DOA
using sparse representation of an array cross correlation vectors (ACCV) for linear
microphone arrays [46]. The signal model y(t) is given in equation with an
overcomplete dictionary [x(6;), x(6s), ..., x(0x)] and their coefficients [a (t), as(t), ..., ax(t)].

The steering vector defined for the far-field source k is given as:

z(0) = [1, v, .o, vp 17, (2.75)

—2m(d/\)sin) - is the sensor spacing, \ is the signal wavelength

where v, = e
and M is the number of sensors. The covariance matrix is calculated using the
microphone measurements according to the formula R = E{y(t)y(t)"},,, where
p,q € [1,2,..., M]. The dictionary matrix (X) defined for each steering vector is also
given as:

X (0y) = [vk_(M_l), oMot ok ot o T (2.76)
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The resulting equation for the estimation of the signal powers A is denoted as R = XA
+ €. The measurement of sparsity is the non-zero elements in the sparse vector es-
timation (i.e., the [y- norm), which is also identified as the source count and sparsity
of the solution in a convex optimization problem to find the best fitting dictionary
items. The identified angles () for the best fitting dictionary items are identified as

the DOA estimations.

Another study proposes a sensor array design to obtain DOA estimation via sparse
recovery techniques. The study proposes a sparse separate nested pressure vector
sensor array (SSN-VSA) via integrating traditional linear acoustic vector sensor array
with velocity sensor array [47]]. Joint Orthogonal Matching Pursuit (J-OMP) is used to
obtain the sparse vector coefficients from the array measurement [48]]. Tan et al. also
propose two methods, as the greedy method (J-OMP) and sparse relaxation method
(Joint LASSO) for the sparse recovery via generating co-prime arrays consisting of
two linear arrays with N sensors via spacing M d distances between sensors and 2
sensors via spacing /Nd distances [49]. This work defines a co-prime array to increase
the degrees of freedom from M + N to M N when compared with the classical linear
arrays. The methods proposed also outperform the source localization performance

when compared with MUSIC.

Sparse representations have also been used with spherical microphone arrays within
the SHD framework. A direct approach involves using the spherical harmonic func-

tions evaluated with an overcomplete set of steering directions [S0].

Xdict(elm ¢kz) = Dfoo(eky ¢k)7 Y—ll (elm ¢k>a ceey Y]{[V(eka ¢k>]H7 (277)

where 0., ¢y, is the corresponding angle for the plane wave £ and the sparse recovery’s
reformulationis Y = Xgjct A + 7. The solution is handled iteratively via re-weighted
least square (IRLS) where the source directions are selected as the maximum values
of the vector A via [-norm minimizing the number of possible sources, the proposed
method solves the equation for each time interval iteratively. The solution would de-
grade in lower frequencies due to the absence of noise deamplification factor as the
mode strength coefficient B,,(kr), which changes according to the spherical array
type and frequency band. Frequency domain sparse recovery analysis also outper-

forms the DOA estimation for the lower frequencies with the spherical microphone
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arrays [S1] [52] [S3]. The main differences are selecting dictionaries using the fre-
quency mode strength and recovery techniques as convex optimization. The signal

model in spherical harmonics is expressed in the following equation.
anm = YHA + 2, (2.78)

where YH = [Y(9,), Y, (¥,)... Y ¥(¥,)]" is the spherical harmonic functions
for the dictionary item’s corresponding direction ¥,,, v € [1 - - - k] is the plane wavenum-
ber, ¥, = (0,, ¢»), and Zym, = B! (k7)nam is the noise in spherical harmonics. a,pm,
is also the spherical harmonic coefficients of the acoustic scene resulting from the
spherical harmonic decomposition. Minimizing the error (z,,,) results in the best fit

for a selected azimuth and elevation ¥, defined as the DOA estimates [52]].

2.6 Acoustic Source Separation Techniques

In this review, we will classify existing source separation methods into three cate-
gories: underdetermined case, beamforming-based, and sparse recovery-based ap-
proaches. Underdetermined cases cover the conditions having more sources than the
number of microphone recordings. In this case, it is not mostly possible to cap-
ture spatial information with a limited number of microphones. Therefore, stochastic
methods such as Independent Component Analysis (ICA) and Non-Negative Matrix
Factorization (NMF) are used to check stochastic properties of sound sources [54]] [S3]].
Stochastic methods are recursive processes to minimize the cost function between the
signals’ features to be separated and measured mixtures. Techniques in stochastic
approaches require features such as special frequency spectrogram of pure acoustic
signals associated with an object initially. For example, training NMF vector sets with
the previously identified source features would improve the source separation perfor-
mance in separated source quality as Signal to Distortion Ratio (SDR) [S6]]. By using
DOA statistics and updating the beamforming-based NMF vector sets of the active
sources for each iteration would also result in better source separation quality [54].
These stochastic techniques would require source features or spatial information to

guide the process in the most effective way in contrast with classical methods.

Beamforming based approaches are divided into two categories as fixed [S7]] or signal-
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dependent [58] [59]. Fixed beamformers require spatial information about sources in
the mixture to filter out noise and reverberation. They require spatial information for
each time interval iteratively or before the computation if the sources are stationary.
Yan et al. propose an optimal modal beamforming technique that satisfies constraints
to get better beamformer outputs and minimum distortion in the beamforming direc-
tion [58]]. It optimizes side-lobe levels and white noise gain constraints. Shabtai et al.
also provide a mathematical framework for noise suppression and dereverberation in

the spherical harmonics domain [S9].

Maximum Directivity Factor (MaxDF) beamforming is the most well-known source
separation and enhancement technique that would get source direction as input and
suppress interference from other sources and noise [60]. On the other hand, some
of the other beamforming methods do not explicitly require knowledge of DOA esti-
mates [61] [62] [63]. Their objective is noise reduction while handling the problem
of signal distortion. In spherical harmonics, frequency decoupling is also a technique

to eliminate the dependence of beamforming to the frequency [22].

Designing a post-filter after beamforming would also improve source separation [64].
Estimated power spectral densities of the active sources can be used to design a post-
filter that can be applied to the beamformer’s output to enhance the desired signal [65].
A similar technique is applied over RSMA by estimating the active sources’ PSD

values to improve source separation performance [66].

Sparse recovery based methods use initial template estimations or extract the pos-
sible dictionary atoms from spatial or spectral features. K-SVD is a method that is
applicable when the number of sources to be extracted are known for multichannel
sparse mixtures [67] [68]. It learns the dictionaries to represent acoustic sources in
terms of atoms from input mixtures. In the spherical harmonics domain, an online
dictionary learning method can reduce the cost of source separation in comparison
with using an initial over-complete dictionary [69]. Kalkur et al. propose a technique
for joint source DOA estimation and separation using a sparsity-based method [70].
The study uses an overcomplete steering vector representation of plane waves as dic-
tionary atoms. These vectors are used for estimating the DOAs and then source mag-

nitudes.
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Another study uses prior information of the intensity vector statistics to separate the
convolutive mixtures recorded with a coincident microphone array. Von Mises func-
tions centered at the DOA estimates are tuned with a spread parameter according to
the statistics for beamforming [71]. A spatial windowing function is also used to filter
acoustics components. Previously defined reference signals are used as templates to
separate source signals in a convolutive mixture [72]. This method reveals an NMF-
based technique to decompose the measurement matrix’s spectral power according to
the reference signals. State of the art source separation methods will now be explained

in more detail.

2.6.1 Underdetermined Case Source Separation Techniques

Independent Component Analysis (ICA) aims to separate individual components based
on the assumptions of statistical independence and non-Gaussianity [73]. Otherwise,
this method fails in the separation tasks. Single-channel ICA (SCICA) technique is
applicable in underdetermined cases, such as those having signals from only one sen-
sor, although multiple sources can be separated [/4]. The linear statistical model for

the mixture is given as :

X = Z a;S; = as, (2.79)

where a = [ay,...,ay| and s = [s1,...,sy|T. If the coefficient vector a is invert-

Ix. The constraint on

ible, source vector s can be obtained using the formula s = a~
building the linear signal model is assuming that the source signals are statistically
independent. If a single channel data is separated into blocks with a length of N,

SCICA is applied for each block to separate the signals.

N
VN —k+1) = AL D (N —j+1), (2.80)

j=1
where ¢ is the source index, j is the block index, & is the sampled index in the block,
and N is the number of samples in the block. The validation of the source separation
results can already be checked with the error e = x — Zf\il %), Perfect decompo-

sition results in zero residual error.

In the case where the single-channel mixture comprises coherent sources, individual

sources can be separated over the mixture’s magnitude spectrogram using NMF-based
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methods. SCICA cannot be applied for this condition because the main constraint was
the statistical independence between the signals to apply SCICA. NMF is a stochastic

method to derive two non-negative matrices (W € 8‘%’;‘0” JH e %@5”) from an orig-

inal matrix (X € RZJ™") by minimizing the cost function | X — WH] in an iterative

objective [[75]].

In the context of NMF, W is template vector, and H is the vector’s corresponding
magnitudes. Although the decomposition process of X ~ WH can be initiated with
randomly selected vectors and coefficients, templates can also be changed in time
intervals with a set of vectors to improve its convergence time and performance as

supervised NMF [56].

In the context of an underdetermined case where there are more sources than the
number of sensors, deep learning techniques are the popular approaches to solve these
problems. However, these techniques have to be trained with the possible ground truth
before the decomposition. Seetharaman et al. propose an unsupervised technique to
provide a confidence measure to assess the training data. The confidence measure
matrix is calculated using the sources’ spatial information via calculating the Inter-
channel phase difference (IPD) [76l]. The main assumption is grouping the time-
frequency features based on the calculated IPD and using them in the training phase.
Xiao et al. propose another method for speech separation using deep learning, which
is trained with the previously identified ground truth [77]. This method works over
a single channel without the acoustic sources’ spatial information, but it depends on

training with the carefully selected ground truth to output clear results.

The source separation techniques used over underdetermined case recordings obtain
good performance if the number of sources and semantic information of the desired
signals to be separated are known. However, it is not easy to separate the signals
from the real-world scenarios without any preliminary information, such as the spatial
information. Microphone array signal processing techniques also provide accurate
spatial information of the active sources from the environment to generate adaptive
filters based on the DOA of the sources. In the next sections, the techniques that use
the spatial information or get the DOA before the source separation computations will

be investigated.
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2.6.2 Beamforming based methods

Beamforming can be categorized into two types: fixed and signal-dependent. Fixed
beamformers steer in a fixed direction, and their steering weights are optimized ac-
cording to the white noise gain and main lobe widths. On the other hand, signal-
dependent beamforming makes an optimization belonging to the noise and signal
characteristics and the DOA statistics. This section will be introduced in two parts as

fixed and signal-dependent beamformers.

2.6.2.1 Fixed beamformers

Delay and sum beamformer is the simple fixed beamformer whose weights are de-
lays resulting from plane wave arriving with respect to the spherical array sensors.
This type of beamforming also outputs maximum white noise gain (WNG) and pro-
vides maximum robustness to noise. Note that this type of beamforming is applicable
only if the plane wave is propagating in the free field such as open array configura-
tions [16]. The implementation over the open spherical array using the delay param-

eter defined for the plane wave can be expressed as :
w*(k,r) = e ™, (2.81)

where k; is the propagating wave vector and r is the representation of the spherical
array in Cartesian coordinates [r,, 7, 7.]. This equation can be written in the spherical

harmonics function as:
Wy (k) = 4mi" 5, (kr) [V, (6, qbl)}* , (2.82)

where 6, ¢, is the plane wave propagating directions. The axis-symmetric beamform-

ing weights defined for the delay and sum beamforming is expressed as [78]:
dy (k) = [Ami™j, (k)] . (2.83)

The resulting beamforming formula defined with the beamforming weights are given

according to the formula :

m=—n

N n Q
§(1,9) = S 0alr) Y Yan(20) S wap (Y5, (0), 284
n=0 q=1

J/

~
SHD : anm (7, k)
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where b, (kr) = 4mi"j,(kr) is the open array dependent mode strength component

calculated according to the wavenumber and distance.

Rafaely et al. present the spherical beamforming using plane-wave decomposition
and express the beamforming equation by separating its direction and frequency-
dependent parts [22]. This method is fixed beamforming that depends on the spherical
harmonics order limitation (N) of the computation, the steering direction (£2,), and the
array geometry. More specifically, the output of this fixed beamformer (also known
as maximum directivity factor beamformer [maxDF]) is given in the time-frequency

domain as:

N Q
y(T, 72,,) Z bn Z Yom (2 qupq T, 2)Y,r (Q). (2.85)
=1

SHD : anm(T, )

This relation can also be expressed in the time domain with the following equation

without sensor noise deamplification term b,, (k) which is dependent to frequency.

Q

Qa) = Z i Ynm(Qa) wqpq( )Y* (Q ) (2.86)

n=0 m=—n q=1
N 7
-_

SHD : anm (t)

Without the establishment of the wavenumber £, this situation can cause the ampli-
fication of sensor noise in lower frequencies given in Fig. 2.4] If the microphones
positioned around the array have higher sensor noise, noise amplification can be ob-

served for the beamforming calculated without the mode strength coefficient.

2.6.2.2 Signal-dependent beamformers

A tradeoff beamformer is proposed to reduce the noise and minimize the speech
distortion [61] [79] by using the signal model in the spherical harmonics domain.

The signal model over the microphones can be expressed in the frequency domain as

(.38).

Pq(k) = pq(k)s(k) + nq(k) (2.87)
= xq(k) + g (k) (2.88)
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The signal model in the spherical harmonics domain after dividing with the mode

strength is expressed as :
anm(k) = B7'E)[Vam(k)S(k) + nam (k)] (2.89)
= Xpm(k) + Tam(k) (2.90)
The desired signal vector, S(k), presented in spherical harmonics is divided with
the zeroth-order and degree of the spherical harmonics X (%), which is direction-

independent. This signal X,(k) is used as a reference to reveal the tradeoff beam-

former. Beamforming is expressed with the term Xo(k) in the equation (2.91).

Apm = aXOO + ﬁnnﬂ (291)
where d = 1, X)l(((;)l()]ff ), - );J(V) ON(%)} comprises eigenbeams normalized with respect
to the (n,m) = (0,0) component. Tradeoff beamformer is multiplication of the

eigenbeams with a complex magnitude vector (h?) and summing over the results.
Z = h"d Xy + hium (2.92)

The output power of the beamformer is denoted with the equation by assuming the

noise and signal are uncorrelated and ®; = E{ZZ"}.

®z = | X/’ |hHd|? + hH®; h (2.93)

Inm

Tradeoff beamformer ideally deals with two limitations, as the noise reduction factor
and speech distortion index. The relations between noise and the desired signal are

given with the following constraints.

| Xoo|?
= 2.94
h®d Xgp — Xool? -
gsd:| 00 — Xoo| = |hHd -1 (2.95)

| Xoo|?
By satisfying the following relations, the tradeoff beamformer is designed to filter out

the noise and minimize the speech distortion.

min [h¥d — 1)? s.t. h3®;  h = o} Xoo|* 105 < 1 (2.96)

Mnm

Here, the resulting beamformer by optimizing the cost function is given with the
equation (2.97). v = 0 results in a MVDR beamformer and v = 1 results in a multi-

channel Wiener filter. _
| Xoo?®-1 d
h, = _om = (2.97)
V+ |X00|2dH(I)T~7nmd
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The unknown parameters of the tradeoff filter are noise PSD matrix ®;__ and de-

Tnm
sired signal spherical harmonics coefficient ratio vector d. Desired Speech Presence
Probability (DSPP) was proposed to calculate the unknown parameters using DOA-
based statistics and speech presence probability (SPP) estimation [63] [62]. These

parameters were used to calculate the noise PSD.

Another outperforming approach to fixed spherical beamformer is the Linearly Con-
strained Minimum Variance (LCMV) method for noise reduction [60]. The noise and
desired signal are assumed to be uncorrelated because noise is assumed to be station-
ary. PSD of the noise can be estimated if there is not any source to be located. This

work deals with designing a beamformer to minimize the noise power such that:
min{h"®, h} s.t. hMa,, =, (2.98)

where hH provides normalization of the spherical harmonic coefficients without dis-
torting the desired signal. This filter is designed to reduce noise without introducing

distortion. The resulting LCMYV filter is shown to be :

h =& 'aym(an,®, "anm) 6. (2.99)
The signal characteristics can also be identified using the PSD of an audio signal.
Suppressing the undesired acoustic sources, background noise, and late reverbera-
tion from the acoustic environment recordings can be aimed via the PSD estimation.
While there are proposed techniques used in the source separation, post-filter usage
can enhance the desired signal by improving the separation performance. PSD es-
timation of the desired source, reverberation, and noise are used to design a Wiener
post-filter, placed as a multiplication term at the end of the conventional beamform-
ing. Yamamoto et al. propose a method for estimating the direct source PSD to design

a Wiener post-filter [64] realized as a time-frequency mask given as:

®pg

W =_ D5
(T7 %) @DS + ®R7

(2.100)

where ® g is the estimated PSD of the desired source and ® is the estimated PSD

of the reverberation and noise at the time-frequency bin.

The article’s method assumes that the DOA of the desired source is known [64]. The

main idea is to define several steering directions, including the desired source’s DOA.
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Then, the MaxDF is applied for each steering direction, and a magnitude S'(7, 5) is

obtained for each direction. The resulting formula is given as in the equation (2.1071).

W(r, ) = |y“%@ , 2.101)
|SU(T, 2) 2 + 5| 2oy ST, %) 2

where [ = 1 is the desired source’s beamforming output directions and outputs ob-

tained for other steering directions are assumed as the reverberation and noise.

Noise reduction and dereverberation are obtained by multiplying the desired source’s

beamforming output as in the following equation.

Z(7, 2) = S' (1, %)W (7, ) (2.102)

There are other methods for the PSD estimation to build a Wiener post-filter for the
separation of each active source [60]. The spatial correlation matrix between the
spherical harmonic coefficients of a sound field can also be used as the starting point
for PSD computation. The results are evaluated for the maximum directivity beam-
former, and separation outputs are improved with the Wiener post-filter defined for
each acoustic source. The details of this study are omitted from this review, and the

interested reader is referred to [[66] for a discussion.

As an alternative, Multichannel Wiener Filtering (MWF) approach uses long short-
term memory (LSTM) Recurrent Neural Network for the noise, and desired signal
PSD estimations [80]. Perotin et al. used 16 spatially distributed RIR recordings
measured in a room with 75y = 270 ms and convolved them with the target speech,
which is picked as a 10 s duration including babble noise of 20 dB SNR and these
convolved audio files are inserted to the data set for training. The output of the net-
work is the estimated covariance matrices of the desired speech s,,(7, )? and noise
nw(T, 72)?. By using the diagonal entries of these matrices, the PSD of the target

masks as a Wiener post-filter were also calculated using the equation (2.100).

The acoustic signals recorded in the room, which has higher reverberation, can be
split into two objects, such as direct and diffuse fields. Acoustic signal enhancement
is the method to separate the diffuse field from the original sound recordings to obtain

dry and perceptually clear speech and music signals. Hu et al. propose an estimation
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method for clean spherical harmonic coefficients [81]].

Sanmaco (F)
. k) ~ ”m—7
5 ( ) Saooaoo(k)

where (,,,,(k) is estimated through the PSD equations with respect to the direction-

(2.103)

independent spherical harmonics. The PSD formulas for the numerator and de-
nominator can be calculated as Sy, a0 (k) = E{anm(k)a,(k)} and Supan, (k) =
E{ago(k)agy(k)}. Then, the clean spherical harmonic coefficients are estimated with
the formula ¥, (k) = Bnm(k)yoo(k). These coefficients can be used as enhanced
acoustic signal coefficients for the source separation. MaxDF using the enhanced

coefficients in the DOA direction outputs better source separation results.

2.6.3 Sparse recovery based methods

Dictionary-based sparse recovery methods are used for the representation of the sig-
nal with the sparse mixtures. The main idea behind these techniques is defining an
over-complete dictionary and expressing the mixture using the atoms in the dictio-
nary. The algorithm employing an overcomplete dictionary would degrade in the
computational efficiency. Therefore, online dictionary learning-based methods are
also used to decrease the cost for the algorithms [69]. The mixture model for the
sparse recovery is given in the equation (2.74). Noise can be regarded as the resid-
ual error that can not be efficiently represented. The dictionary to employ in sparse

representations depends on the domain of operation, e.g., time, frequency, space, etc.

A group of methods use SHD in spatial domain for signal extraction [70] [69]. Abol-
ghasemi et al. also use a time-domain representation of the signals, and the K-SVD
method is used to extract the selected dictionary coefficients [67]. Frequency domain
vector matching in underdetermined mixtures is also investigated as an alternative in

the article [68]].

The pressure over the spherical microphone array (SMA) consisting () microphones

and D dictionary atoms would be expressed as in the following equation with p(k) =

2 (k) ooy P ()T v (e, ©) = [0k, Ury), ooy w(k, Uo.p)] and s(k) = [s1(k), ..., sp(k)]”.

p=Vs+n, (2.104)
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where V is a dictionary matrix comprising steering vectors from the microphone
positions to the possible point source positions. The steering vector is expressed with

the following equation.
v(k, U,q) = ki Y (Q,)B(kr) YR (T,), (2.105)

where rq is microphone positioning vector with respect to the spherical microphone
array center and kg4 is the wave vector defined as kq = [kq cos(¢g) sin(0y), kqsin(¢g)
sin(6y), kq cos(04)] where kg = w,/c is the wavenumber. The resulting acoustic scene
equation with the microphones’ pressure representation is given in spatial domain
as [182]]:

Pa(k) = Y(Q)B(kr) Y™ (W)s(k) + g (k). (2.106)

After application of SHD over the measured microphone signals and dividing the co-
efficients with the mode strength are followed by multiplying with B~*(kr)YH(Q,)
from the left side. Then, the result is denoted as in the equation (2.107).

anm = YIS + B 'Yy , (2.107)
N——

spherical harmonic noise z(k)

where the matrices are in the form of a,, € CHOV+D*x1 B-1 ¢ CN+)?x(N+1)?,
S € CP¥1, YH ¢ CIN+D**D and Y € CWN+1*xQ_ The over-complete dictionary
definitions comprise Y& which is calculated in accordance with the possible number
of atoms (D). In an iterative objective, the best fitting dictionary definitions as the
number of sources S are found up to the minimizing the residual error using a convex

or non-convex optimization method.

Expressing an acoustic field in terms of plane waves makes the sparse recovery eas-
ier in the analysis. This makes dictionaries comprising spherical harmonics a good
choice if the sparse representation is to be pursued in the SHD domain [70]. The

dictionary atoms for this specific case are :
@ = [YH(0,), YH(Wy), ... Y (W], (2.108)

where Y (¥,) = [YO(U,), Y, H(Wy), ..., Y (¥,)] is the row of &, the number of
columns is much more greater than the number of available source count S. The

constraints given to calculate the localization feature of the desired source (s) is given
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within the following equation.
min ||apm, — PRs||s + A||R|]; s.t. RTR = 1, (2.109)

where R is the real magnitude matrix representing the selection gains of the dic-
tionary atoms. The solution as the localization feature (A, = #R) and the source
strength s to the non-convex optimization problem can be tackled using the Bregman
iteration [83]]. The desired source magnitude is also obtained using the pseudo inverse

formula of the localization feature as:
s=(AHA ) TAHa, (2.110)

which provides a solution that is optimal in the least square sense. The source

strengths are associated with the separated sources based on the localization features.

While source separation using an overcomplete dictionary is computationally costly,
using the DOA estimation parameters to generate a more compact dictionary was also
proposed as a possible solution [69]. The method learns to create a dictionary from
localization statistics gradually. The algorithm starts with an empty dictionary, and
it tries to fill the dictionary according to the DOA estimates. In the case of heavily
underdetermined multichannel sound mixtures, a phase optimized K-SVD and Or-
thogonal Matching Pursuit (OMP) based optimization methods are proposed [68].

These methods examine two conditions whether there is an initial dictionary or not.

2.7 Conclusions

This chapter reviewed the theory of spherical microphone arrays, including the ar-
ray design, spherical harmonic decomposition, and steered response functions. These
were the necessary foundations of the methods proposed in this thesis. The chapter
also reviewed the state of the art methods related to DOA estimation that can be clas-
sified into four main categories as intensity-based, subspace-based, SRP, and sparse
recovery based techniques. State of the art source separation techniques related to
the spherical harmonics are also included in this chapter, such as Wiener-Post filter-
ing, sparse recovery, and beamforming based approaches. In the following chapter,
the DOA estimation and source separation methods developed during the research

carried out within this thesis’s context are described.
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CHAPTER 3

DESIGN OF THE STUDY

Object-based audio comprises metadata and channel recordings to present the im-
mersive audio for the end-users. Generation of metadata, which contains DOA, gain
and semantic information of the sources, requires a complex architecture containing
several techniques, and it is a field of research in immersive audio. Therefore, useful
tools are required for the creation of metadata automatically. This chapter expresses
this thesis’s main contributions by providing practical DOA estimation and source
separation tools to transcode between scene-based to object-based audio. While the
analysis investigated in this chapter starts from SHD through rigid spherical micro-
phone array recordings, the algorithms would also operate via taking the spherical
harmonics as input. Firstly, the DOA estimation techniques will be discussed, and

then, the algorithms developed for the sound source separation are introduced.

3.1 DOA Estimation Techniques

Source DOAs are required to create the metadata and obtain better performances for
the source separation in highly reverberant environments. While DOA estimation al-
gorithms are also available using the spherical harmonics, accurate, computationally
efficient, and robust to noise algorithms are demanded for object identification, track-
ing, and source separation. Thus, this section contains two different source DOA
estimation methods named HiGRID and RENT. As HiGRID decreases the compu-
tational cost compared to SRP-based DOA estimation methods and provides accu-
rate DOA estimations, RENT is a sparse recovery-based algorithm that identifies the

time-frequency bins having single source contributions as well as it provides DOA
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estimation with the histogram clustering as an output.

3.1.1 Spatial Entropy based Hierarchical Grid Refinement (HiGRID)

Steered Response Power Density (SRPD): Maximum power detection over the
SRP defined in the steering directions would fail to discover local peaks if the search
grid has a low resolution. Therefore, a more appropriate functional named Steered
Response Power Density (SRPD) is defined for an arbitrary, bounded surface element,

S;, over the unit sphere:
1 2
Pi(k) = R lyn (K, 0, i) |7dS;, (3.1)
iJs;

where R; = R(S;) is the area of the surface element and yy (k, 6;, ¢;) is the steered
response function decoupled from the frequency as described in equation (2.36)).

SRPD and SRP can be related with the following equation (3.2).
lim P;(k) = lyn(k, 0;, 6:) I, (32)
R;—0

where (0;, ¢;) is the center of the differential region, S;.

By using the spherical harmonic coefficients and mode strength terms given in (2.53)),

SPRD can be expressed as:
_ a”m(k)a;’m/(kj) m,m’
POI= 2 ki o) o () )
where,
/ ! ]. ! *
n,m L) = Ym YW 7. .4
' (8) = G L Y00 [1 0.0)] ds (3.4)

From the resulting equation P;(k), SRPD can be split into the frequency and direction-
dependent terms via SHD. This representation allows isolating the integration terms

n’,m’
n,m

(S;) that do not depend on the SHD coefficients. It is possible to express the

sum in (3.3)) as the grand sum of the matrix:
H, =A0Q, (3.5)

where o represents the Hadamard (i.e. element-wise) product, A = aa’” is an (N +
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1)? x (N + 1)? matrix with

a— CLO()(IC) al_l(k) L CLNN(,I{Z> T (3 6)
Aicbg(kr)’ Amby(kr)” " dwby(kr) '
and the (N + 1)? x (N + 1)? cross spatial density matrix Q; is given as:
00(Si) Qo '(S) -+ Qo (S)
Q— ?:9}<Si> Qi::i(&) Qﬂﬁ(b}) | 37)

| ?VON(Sz) }V_J\}(Sz) %%(Sz)

where both A and Q; are Hermitian. The grand sum of H; can be represented as:

Pi=e'He=e" (AoQ))e, (3.8)

where e is a column vector of ones, and i is the region where SRPD is computed. This
expression can be simplified by employing an identity of the Hadamard product [[84]
and the SVD of the cross spatial density matrix (Q7) such that:

P; = tr(AQY) = tr(AU,X;UH); 5.t.QF = U,;x;U7, (3.9)

where tr(-) is the trace operator to sum the main diagonal entries of the matrix. Here,
the columns of U; are the eigenvectors, and the diagonal matrix 32; contains the eigen-
values \;,,, of Q7. By using the cyclic permutation invariance property of the trace

operator [[84]], SRPD is expressed as:

P = tr(UPAUE) (3.10)
= e (UAU;0%))e. (3.11)

Since the eigenvalue matrix 32; is diagonal, the resulting Hadamard product contains
a sum of the diagonal elements of U AU, weighted by the eigenvalues, \; ,,, of Q7.

Substituting the trace operator with the summation, we obtain :

(3.12)

H
Pi=> Aia [UFAU]
m
or in a more compact form as:

P = ||U a3, (3.13)
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Figure 3.1: The flow diagram of the proposed algorithm. The core part is highlighted
with a blue box.©2018 IEEE [1]

where ||x||s = (x"Xx)'/? represents the weighted norm. Since the eigenvalue ma-
trix 3 only depends on the cross spatial density matrix Q)7 , it can be used to eliminate
the computational cost related to eigendecomposition and stored offline. As a con-
sequence, SRPD can be calculated using the eigenvalues and the eigenvectors of the

cross spatial density Q;, once the SHD coefficients are available.

The exposition above assumes that all the eigenvalues and eigenvectors of the spatial
density matrix can be calculated and stored offline. However, most of the eigenvalues
will be very small, depending on the area where the SRPD is calculated. Defining an
energy ratio ensures that fewer eigenvalues and eigenvectors can be used in order to

reduce the computational cost resulting from the calculation of SRPD.

(N+1)2

M
Ein2) N, / > M (3.14)
m=0 m=0

The largest M < (N + 1)? eigenvalues and the corresponding eigenvectors can be
selected, for which this ratio is greater than a given threshold close to unity. This way,
the computational cost can be substantially reduced without any significant effect
over the calculated SRPD for the corresponding area. In this study, the largest M

eigenvalues and eigenvectors satisfying the condition F; p; > 0.99 are used.

Spatial Entropy Based Grid Refinement: Searching a fine grid on the sphere to
identify maxima is a process that dramatically increases the computational cost. One
of the main contributions of this thesis is an entropy-based, data-driven, and high
precision DOA estimation method. The proposed approach involves defining data-
dependent search grids using spatial entropy instead of a full grid search in finer
azimuth and elevation resolutions. The general purpose is to detect local DOA esti-

mates from the selected time-frequency bins and establish each local DOA estimates
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to a DOA histogram map. Clustering of DOA estimates and defining each cluster’s
mean index from the histogram output the final DOA estimates for the corresponding

time interval.

For this purpose, short-time Fourier transform (STFT) is applied for each microphone
channel first. This process is followed by a time-frequency bin selection criteria that
choose bins likely to contain one or more strong direct path components. In this con-
text, the algorithm only uses the time-frequency (TF) bins (7, ») that correspond to
onsets. SHD is applied for the selected SHD coefficients in the corresponding TF bins
to find spherical harmonic coefficients, a,,, (7, >). The method that we call hierar-
chical grid refinement (HiGRID) is applied for forming adaptive SRPD maps for the
selected TF bins. The output of HiGRID for each time-frequency bin is a multireso-
lution SRPD map formed according to a spatial entropy criterion. Segmentation and
labeling using a variant of connected components labeling (CCL) of this map pro-
vide the source count and the mean index of each cluster for local DOAs. A global
histogram of the centroids obtained from all the processed TF bins is then used to es-
timate the global source DOAs. The diagram in Fig. [3.1| shows the algorithm, which
consists of 1) pre-processing, 2) SRPD map calculation via grid refinement, 3) local

DOA estimation, and 4) post-processing stages.

Pre-processing: STFT, Onset Detection and SHD: Pre-processing steps involve
three cases as 1) converting the microphone signals from the time domain to the time-
frequency domain, ii) selecting the time-frequency bins that would likely contain one
or more sources but no reflections or reverberation for local DOA estimation, and iii)

calculating the SHD coefficients from the microphone array signals for these bins.

In the first pre-processing stage, a windowed Fourier transform is used to represent the
recorded microphone signals p,(¢) in the time-frequency domain, p,(7, ), where g

is the microphone number, and 7 , s are the time and frequency indices, respectively.

The second pre-processing stage involves selecting bins where the proposed algo-
rithm will be applied to find local DOAs. Based on the presupposition that onsets
contain strong direct-path components, TF bins that correspond to onsets are identi-

fied as good candidates. For this purpose, a spectrum-based onset detection algorithm
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can be applied to the average sum of all microphone elements given as:

Q
1
Pl ) ~ 5 > g7 20), (3.15)
q=1

to obtain the time indices, {7}, at which the onsets occur. This is followed by the se-
lection of the bins, (7, 5) that have a normalized energy above a prescribed threshold.
The preferred algorithm is SuperFlux that is robust to short time-frequency modula-

tions [85]. The set of TF bins that are selected by this way will be represented as
T £ {(7.5)}.

Computation over the TF bins, which do not have any source activity would also be
redundant, and this condition significantly increases the computational complexity.
Other possible techniques to detect the source activity over the TF bins were also

proposed [31] [30] [2].

Finally, SHD coefficients are calculated as in (3.16) such that:
Q
U (7, 30) = Y wypg(7, 3) [V, (04, 6g))" (3.16)
q=1

for all the onset detected bins, (7, 5) € T. These spherical harmonic coefficients are

used in the computation of SRPD maps at their respective time-frequency locale.

Hierarchical Grid Refinement (HiGRID): Local peak searching over the sphere
requires a suitable grid. Each grid has to be grouped in a hierarchy such that each
refinement of the grid element also encompasses the spherical region of the coarser
grid. Each grid element can be represented as a node in a tree structure. A feasible

grid property is to be approximately, even if not precisely, uniform.

Gaussian sampling (i.e., sampling azimuth and elevation uniformly and separately)
increases the computational cost since sampling azimuth uniformly close to the poles
of a sphere generates non necessarily fine sampling at these positions. Therefore,
Hierarchical Equal Area isoLatitude Pixelisation (HEALPix) [86] grid is used in this
study to model the searching regions as it allows an efficient representation of spheri-
cal data using quadrilateral, non-overlapping, and refinable grid elements (i.e., pixels)

on a sphere. At the resolution level, K € N, HEALPix provides 12 - 22X equal-area
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grid elements. The elements are separated uniformly with an angular resolution (in

3
Oa = \f;m (3.17)

and their areas depend on the resolution level such that:

B 47 R?
12 922K

radians) of:

Ak (3.18)

where R is the radius of the sphere [86].

Isolatitude pixelization partitions a grid element, Sk ,,, at the resolution level K with
index m, into four new grid elements neighboring each other, at the higher resolution

level, K + 1, such that:

Skm = Sk+1,4m D Skt1.4m+1 D Skt1.4m+2 © Sk41,4m+3 (3.19)

where {Sk 1.4m+x} for k = 0-- -3 are the four higher resolution grid elements. This
allows for a quadtree representation where a spherical distribution can be expressed
at different levels of detail for a limited number of sampling points. Since HEALPix
provides a representation over the sphere at different sampling levels, it also provides

a hierarchy between the pixel indices at different levels.

For the case where multiple coherent sources are present in a TF bin, SRPD will have
more than one meaningful local peak that correspond to the DOAs of active sources
or their reflections. In order to find these maxima without steering in all directions, it
is necessary to identify the possible grid elements that would contain these peaks in
a higher representation level of HEALPix. Spatial entropy [87], which is a measure
of the spatial disorganization, is used to select pixels to be steered in high resolution,
based on the presupposition that the peaks in the SRPD map are band-limited in space,

resulting in similar values around them.

In a given iteration, ¢, the analysis grid (or equivalently the leaf nodes of the corre-
sponding quadtree), G, for a time-frequency bin (7, 5¢) consists of the elements (i.e.
nodes) G, = {Sf(?m} potentially at different resolution levels, X' € {0,---,t — 1}.

The total spatial entropy of the representation is given as:

(t) 7(8§§)m)
H(G) =~ > (Sk)log —" (3.20)
Vs eg, A(SKm)
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and
Pr.m

0) _
9
2 s cg, Prm

Y (SKWH ,M)

(3.21)

where P, is the SRPD of the grid element [as in (3.13)] with index m at level K,
and A(Sg)m) is its area. Here, 0 < ’y(Sg?m) < 11is the probability of the grid element

t . .
Sé(?m of containing a source, and:

Yo ASE,) =1 (3.22)

VS €G

The decision to refine a specific grid element into four leaf nodes is given according
to the total spatial entropy change. A candidate grid G; can be obtained from the
existing grid G, by refining a specific grid element, S}?m such that:

G, = |G UV(SI) | V{8, (3.23)

t . .
where V(Sé()m) = {Sk+1.4m; Sk+1.4m+1, SK+1.4m+2, Sk+1.4m+3} is the set of chil-

dren nodes in the quadtree representation of the analysis grid.

The proposed algorithm relies on the change in the total spatial entropy of the rep-
resentation by using the difference between the total spatial entropy before and after
the refinement, i.e. :

I(1,m) = H(G,) — H(G}). (3.24)

This expression is known as mutual information or information gain in the context of
decision trees [88]]. When it is negative for a given element on the employed spherical
grid as the spatial entropy increases with the children nodes insertion, the grid would
not be refined for that locality, since such a refinement will be redundant despite
increasing the computational cost. Therefore, if the refinement decreases the total
spatial entropy H (G;) resulting that, Z(l, m) > 0, the representation is updated with
the refined candidate grid, G;. Otherwise, the corresponding branch of the quadtree
will stay at its present resolution level, and it will be removed from the search path.

Algorithm[I] presents the pseudocode for the HIGRID method.

Spatial entropy-based refinement progress of the proposed algorithm is given in Fig.[3.2]
for different levels using the SHD coefficients from the sum of three unit amplitude,

monochromatic plane waves with the common frequency of f = 3 kHz, incident on
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Algorithm 1 Hierarchical Grid Refinement (HiGRID)
Input: SHD coefficients, a,,, for the time-frequency bin (7, 5¢) selected via onset

detection and the maximum refinement level, K.

Output: HEALPix quadtree with the set of leaf nodes, G = {Sk.m, K = 0.. K0z}
containing the SRPD evaluated at the corresponding pixel, Pk ,, treeLevel < 0
Initialize the quadtree by calculating the SRPD at each leaf node, P, ,,

N+

G ={Som}

while treeLevel < K., do

while G # () do
S «fetchRandomLeafNodeFrom(G)

C' < childrenOf(S)

Calculate SRPDs for C' = {C;,i =1---4} G = [GUCi]\ S
Eg < spatial Entropy(G)

Eg + spatial Entropy(G')

if Eg/ < Eg then
| N« NUC(C

else
| N« N U {S}

end

G+—G\S

end
G < N,

treeLevel < treeLevel + 1
end

a spherical aperture of radius 4.2 cm from the directions of (¢1,61) = (7/2,37/5),
(¢2,02) = (2r/3,7/5), and (¢3,05) = (7/3,97/5), respectively. The black cross
signs denote the real DOAs of the plane waves. The decomposition at different res-
olution levels, from 1 through to 4, obtained using HiGRID are shown using the
Mollweide projection. It may be observed that the SRPD map contracts in regions
corresponding to the DOA of each plane wave. SRPD is calculated at a cumulative

total of 33, 72, 165, and 429 directions for levels 1, 2, 3, and 4, respectively. The
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Figure 3.2: Hiearchical grid refinement (HiGRID) applied on a single time-frequency
bin, containing a sum of three unit amplitude, monochromatic plane waves with a
frequency of f = 3 kHz. The progress of the algorithm at levels 1-4 are shown in
(a)-(d), respectively. ©2018 1EEE [1]

same angular resolution can be achieved over a full-resolution grid by scanning 48,

192, 768, and 3072 directions at each of the corresponding levels.

Source Localization using SRPD in multiresolution : SPRD quadtree represen-
tation by the refinement of the grids to the deeper levels using mutual information

results in a search map that consists of nodes to be visited to find the local maximum

MNeighbouring Modes Labeling
H{Gy)

...

()

Figure 3.3: If spatial entropy decreases as H(G;) > H(G;), the spatial resolution is
incremented (K = K + 1) for that node.
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points. Connected Components Labeling (CCL) [89] is adapted from the computer
vision domain to use with the quadtree representation of the grid to identify and label
regions of interest based on neighbourship relations between the nodes. From the
DOA histogram randomly selected pixel with a magnitude greater than threshold was
chosen as the cluster. Then, the other pixels were checked according to the neigh-
bouring relations for the association of the previously defined cluster or creating a
new cluster. The algorithm called as Neighboring Nodes Labeling (NNL) is shown in
Algorithm 2]

While the regions having the local peaks are identified, the center pixels of each
region, n(7, ), is stored as the local DOA estimation for one of the sources in the
time-frequency bin. The DOA unit vectors will not necessarily encounter the steering
directions of the centers of HEALPix grid elements. Therefore, an average value is

computed for the local DOA unit vectors.

Post-processing The post-processing stage uses a 2D direction histogram (with a
uniform 1° bin size for elevation # and azimuth ¢) obtained by associating unit vectors
that present source DOAs, {n(7, 5)} to the histogram map. Three operations are used

over the global histogram to find the global DOA estimation:

1. The directional histogram may contain some outliers due to reverberation or
noise. Indices with single or noisy occurrences are eliminated, and a median
filter with a neighborhood size of 3 is applied to the resulting 2D histogram in

order to denoise the 2D histogram from these TF bins.

2. The denoised 2D DOA histogram is convolved with a Gaussian filter with a ker-
nel size of 3 to obtain a representation available for segmentation-based clus-

tering.

3. The resulting DOA histogram is then mapped to a HEALPix grid to be clustered
with the NNL method described earlier. Finally, the centroids of the identified
clusters are registered as source DOAs, and the number of clusters indicates the

source count in the acoustic scene.
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Algorithm 2 Neighboring Nodes Labelling (NNL)
Input: Set of leaf nodes, G = {Sk . | = 0..K,,,4, } of a HEALPix quadtree contain-

ing the values of SRPD distribution, P ,,

Output: Sets of nodes Cs where s = 1---S // Drop the regions via
thresholding

THR <—calculateThreshold({ Pk ., })

for {Sk.} € Gdo

if Px, < THR then
| Remove node Sk ,, from G

end
end
s<1// Initialise the label count
Okmae = {Skm | K = Kmax}
// Select leaf nodes at the highest resolution level

while G, . # () do
stopFlag«True

Cs+ 0

// Initialise cluster s

S «fetchRandomElementFrom(Gy, )
Cs + C,U{S}

Gkpaw & Koo \ 1S}

while stopFlag is True do
N <—neighborsOfSet(C})

D« QKMM NN

if D # () then
Cs+— CsUD

gKmaz % gKle.’L‘ \ D

else
| s+4 s+ 1,stopFlag«False

end

end

end
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3.1.2 Residual Energy Test (RENT)

Acoustic scene can contain different sources having similar frequency components.
Interference from the other sources and reverberation from the environment would
result in overlapping of different source features for the same time-frequency bin. A
pre-elimination step used prior to HiGRID [85]] to decrease the computational cost is
onset detection. There are also other methods in the literature to identify the time-
frequency bins which have contributions from a single source only [31] [30]. A com-
putationally efficient new time-frequency bin selection and DOA estimation approach
is presented in this section. This method consists of two stages: (1) time-frequency
bin selection and (2) clustering for DOA estimation of multiple sources. The proposed
algorithm is a sparse recovery based algorithm using the Legendre kernels. Firstly,
Legendre SRF kernel descriptions and then the involved steps of the algorithm are

issued.

Plane Wave Legendre SRF Kernels: A plane wave’s pressure distribution over the
RSMA can be calculated using the monochromatic plane wave descriptions. Plane
wave decomposition provides a flexible tool for analyzing sound fields. It can be

expressed using real-valued functions defined on the unit sphere given as [90]:

N n
Tn () = D> YHQ) Y, () (3.25)

n=0 m=—n

2N + 1 Pny1(cos Ogm) — Py (cos Ogm)
Am Pi(cosOgm) — Po(cosOupm)

where O, ,,, is the angle between the unit vectors in propagating wave direction {24 and
steering direction (2,,,. Notice that I'y(©g,,) is rotationally symmetric with respect

to the direction, O, and that:
. 1
ngnoo FN(@d,m) = %(5(COS dem - 1), (326)

where §(O,,,) is the Dirac delta function on the sphere. Therefore, the function
will be called 'y (€24, Q2,,,) as a Legendre kernel of order N. The spherical sampling
scheme used for determining steering directions is Hierarchical Equal Area isoLati-
tude Pixelation (HEALPix) of a sphere [86] with this thesis. The sphere is hierarchi-

cally split into curvilinear quadrilaterals. The lowest resolution partition is comprised
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Figure 3.4: Legendre dictionary kernel in the elevation and azimuth direction (90°, 0°)
for spherical harmonic order of N = 1, N = 3, N = 4 and HEALPix level of K = 2,
K =3, K =4, sampling in 192, 768 and 3072 points respectively.

of 12 base pixels. Resolution of the splitting increases by dividing each pixel into
four new ones. This provides a hierarchy for sampling the sphere in different tessella-
tion levels. The following properties are defined for the computation of overcomplete

dictionaries.
e The dictionary has Legendre kernels centered at 2; = (64, ¢4), and sampled at
pixel centroids €2,,, = (0,,, ¢,,) of a HEALPix grid [86].

e The order of HEALPix grid at level K, where the number of pixels that com-

pletely cover the unit sphere at the same level is M = 12 x 22X,

e Plane wave Legendre kernel dictionary is given in the equation (3.27) using D

kernels. It is noted that A/ does not have to be equal to D = 12 x 2251,

Drp = [Tn(O1a), Tn(O24), -, Tn(Onra)]fucr. iy (3.27)

It is seen in Fig. [3.4] that higher order of spherical harmonics and a higher level of

HEALPix grids provide sharper beams and higher resolution. Computational com-
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plexity rises in the condition where the order and the level increase. Therefore, the
algorithms’ parameters have to be adjusted to obtain acceptable results with lower

computational complexity and higher accuracy [given in Sec.[d.7.1 4.7.2].

Notice that the algorithms proposed in this thesis assume that a plane wave decom-
position is a feasible approach for representing general sound fields. The Legendre
kernel formulation also relies on the plane wave assumption. If sources in the acoustic
near field would need to be considered, the formulation would have been fundamen-

tally different, possibly resulting in complex-valued dictionary atoms.

Representation of SRF with Legendre kernels : It may be noted that the steered
response function given in (2.53) can be expressed as a linear combination of Legen-

dre kernels such that:

D
Y(Um) =)l y(Qa, Q). (3.28)
d=1
Using the expression in (3.28), it is also possible to express the SRF y € CM*!
sampled at M discrete directions in matrix form as:
y = Lupap, (3.29)

where Ly;p € RM*P is a matrix with the rows given as A,,, = [['x (1, ), v (Qa,
), -Tn(Qp, )], and ap € CP*! is the column vector containing complex
magnitudes. The DOA estimation problem involves the identification of S maxima
values in ap and the corresponding source directions {2,. It is also known that while
D can potentially be very large in a reverberant environment, only a few complex

coefficients, oy, corresponding to sound sources will have large magnitudes.

A sparse approximation, y = Lj;cag using a smaller number of G terms is possi-
ble. The optimal selection of G and {2,} corresponds to the minimization of the
approximation error:

e=|ly —yel|? + 1%, (3.30)

where 7' is a Lagrange multiplier that limits the number of terms used in the ap-
proximation. While finding the best G-term representation is minimizing the resid-

ual error [91]], satisfactory solutions can be obtained using non-convex optimization
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algorithms. Orthogonal matching pursuit (OMP) [92] can be used to obtain such

satisfactory solutions.

Residual energy test (RENT) is proposed as a time-frequency bin selection algo-
rithm to identify the bins that contain only single sources. The algorithm is based
on a single-iteration OMP used to select the time-frequency bins and estimate source
DOAs. The function over the sphere to be represented in the sparse dictionaries is the
SRF. The employed over-complete dictionary consists of Legendre kernels sampled

at pixel centroids of a HEALPix grid [86] as their center directions.

The center direction of the Legendre kernels can be sampled from the HEALPix grid
of a resolution level, K resulting in an over-complete dictionary consisting of the
set of D = 12 x 22X atoms &yip = {Ty = [[(Qa, ), -, T(Qa, Q0)]F Ya—1.0
steering in M directions. The dictionary composed of D items that do not depend
on the frequency components except for the maximum order selection to present a
general sparse dictionary that covers all frequency ranges given as in equation (3.23).
Since the frequency decoupled SRF is used for the estimation by dividing it with the
b, (kr) component, the over-complete dictionary has to be limited with the highest
spherical harmonics order according to the frequency kr, = 27 fr,/c [see in Fig.
by updating N as 1, 2, 3, and 4 for kr, < 1.0, kr, < 2.0, kr, < 3.0, and 3.0 <
kr, respectively. Each time-frequency bin is processed via RENT which identifies
the time-frequency bins predominantly with a single source contribution and RENT

estimates the corresponding local DOAs using the steps to be described below.

1. Obtain the short-time Fourier transform {P,(7, 5)},—1..¢ of microphone array

signals, where 7 is the time index and s is the frequency index.

2. Obtain the SHD coefficients for each time-frequency bin, (7, »), using (3.31))

N
anm = > _ Py(r,3) [V (0, 6,)]"w, (3.31)

q=1

3. For each time-frequency bin, calculate the SRF vector, y(7, ) € RM*! at a finite
number of M directions quasi-uniformly sampled on the HEALPix grid at the

resolution level K.
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. Find the dictionary atom which best matches the SRF vector :

. Calculate the residual error vector orthogonal to the SRF vector:

r(r,x%) = Ray(r,x) (3.33)
_ [I — T, (T7T,) rﬂ y(r, 5).

Note that R, can be calculated offline for each dictionary atom in the dictionary

and stored for increased computational efficiency.

. Calculate ones’ complement of the ratio between the residual energy and the total
energy of the SRF vector, such that:
[z (7, >)|”

Bn) =1 AP

(3.34)

where 0 < B(7, ) < 1. It is estimated that for a single plane wave in acoustic
free field y (7, ) can be represented by a single atom and the energy of the resid-
ual vector would be zero resulting in B(, ») = 1 indicating that B(r, ») is close

to unity when the time-frequency bin contains a single dominant source.

. Identify the set of time-frequency bins for which (3.34]) is greater than a selected
threshold, such that:

Srent = {(7, %) : B(7, %) > THRgs} (3.35)

. Register the index of dictionary atom, d, identified for each time-frequency bin
found in (3.32)) as the DOA estimate for that time-frequency bin by incrementing
the value of the pixel corresponding to {Q2; = (04, ¢4)}. DOA histogram (=)

contains D pixel values that are initially set as zero.

After the local DOA estimates are obtained for each time-frequency bin that passes

RENT, a global DOA histogram is created whose bin centers are aligned with pixel

centroids of the employed HEALPix grid. This global map is used for the clustering

and DOA estimates.
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Figure 3.5: DOA histogram of four sound sources located at (118°,116°), (68°,90°),
(90°,0°), and (105°,243°). Mollweide projection is used in the figure.©2019
IEEE [2]

Multiple DOA Estimation via Agglomerative Histogram Clustering : RENT is
followed by clustering the resulting global histogram to obtain the DOA estimates.
The primary assumption in the histogram clustering approach’s development is that
sources are spatially separated sufficiently well so that clusters can be identified based
on their contiguity. Using the neighbouring information and count of the pixels, and
first identifying the cluster centroids starting from the pixels having maximum counts
(local maxima points), the connected regions can be separated well for some cases.
While the proposed clustering approach is similar to the Neighboring Nodes Labeling
(NNL) approach that we presented in [1]], it is simple quick sorting for DOA map
consisting D elements followed by condition checks for the neighbouring relations

with a computational complexity of O(DlogD) + O(D) to find local maxima points.

The global DOA histogram contains the number of occurrences (i.e., counts) that a
given pixel on the HEALPix grid was identified as the DOA (see Fig.[3.5). The pixels
are first sorted into a list according to frequency of occurence. The neighbouring

relations of each pixel is also stored in a table. The pixel with the highest count is
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Algorithm 3 Residual Energy Test (RENT)
Input: Over-complete dictionary ¢ comprising D kernels in M steering directions,

each atom’s corresponding residual vector estimator R, the recorded microphone
signals p,(t) for t € [to, -+ ,to + T], Srent = 0
Output: The number of sources S = |Q2,|, corresponding angles 25 and identified
single source contributing time-frequency bins Sgent = {7,5¢}
pg(t) = py(1,5¢) // STFT
for each 1, >« do
Pq(T, 2¢)— any(7,5¢) // SHD
CalculateSRF(ay,, (1, ), M) — y(1, 5)
I'y = maxpes (L, y(7, %)) // Find best fit atom m
r(r,%) = Ryy(7r,5) // Calculate the residual vector
CalculateRatio(r (7, »),y (7, %)) — B

if B> THDRgg then
Srent U (T, ) — Srent
RegisterIndexToHistogram(d) — =

end

end
Sorting(Z) — Z // Sort the histogram from max.to min. and
note the pixel locations
DOAHistogramClustering(=Z) — S,Q// Source count and DOA est.
{
Q,,C=0// C indice, p(C) is the neighbouring list
Create a cluster for the max. item’s indice ; — Qg, C; U p(Cy) — C
for each i € {2, |2} do

if C; ¢ C then
| QU Qs — Q

end

end
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removed from the sorted list of selected pixels and is defined as the first cluster. The
neighborhood of the cluster is defined as the set of pixels surrounding it. The next
pixel in the sorted list is selected and removed from the list. If the pixel is in the
neighborhood of the first cluster, it is added to the cluster, and the neighborhood of
the cluster is expanded to account for the new pixel. If it is not in the neighborhood,
a new cluster is formed. For each pixel from the sorted list, the neighborhoods of
all existing clusters are checked, and if the new pixel is not in one of the existing
clusters or their neighborhoods, a new cluster is formed. The iteration continues until
the list of selected pixels is exhausted. The number of identified clusters and cluster
centroids provide both source count and DOAs, respectively. Thresholding with the
mean value of the DOA histogram would also eliminate indices having smaller DOA

estimate counts occuring from the reverberation and diffuse field.

The RENT’s computation is carried out in longer, overlapping intervals as 0.5 s, and
the resulting observed source angles in each time interval would be associated with
each other. RENT is used as a DOA estimator within the same framework in source
separation as will be discussed in the next sections. The performance measurements
of RENT in several noisy measurements and controlled setups are also investigated
in Chapter 4] The pseudocode is given in Algorithm 3] The computational cost of the
algorithm is also presented in Sec.

3.2 Source Separation