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ABSTRACT

Sound field reconstruction (SFR) is a popular approach to recreate an auditory scene
over a region of interest using an arrangement of a few loudspeakers. Methods following
this approach typically aim to approximate the sound wave that created the desired audi-
tory scene by minimizing physically inspired error metrics such as the L?-norm. However,
these metrics do not account for psycho-acoustic effects. Hence, the auditory artifacts gen-
erated by these methods may be physically small, but psycho-acoustically large. Although
there are methods that incorporate psycho-acoustic principles, we believe there is still a
gap between them and the SFR approaches: the link between the precise control of the re-
constructed sound wave and the psycho-acoustic effectiveness of it has not been correctly

developed yet.

In order to fill the gap, in this work we define a sweet spot that comprises the region
where the generated sound wave is psycho-acoustically close to the desired auditory scene.
Then, we develop a method that aims to generate a sound wave that directly maximizes
this sweet spot. Our method incorporates psycho-acoustic principles from the onset and is
flexible: while it imposes little to no constraints on the regions of interest, the arrangement
of speakers, and the radiation pattern of the loudspeakers, it allows for a wide array of
psycho-acoustic models that include state-of-the-art monaural psycho-acoustic models.
Our method leverages tools from analysis and optimization that allow for its mathematical
analysis and efficient implementation. Our numerical results show that our method yields
larger sweet spots compared to state-of-the-art SFR methods for sinusoidal point sources

using van de Par’s psycho-acoustic model.

Keywords: Spatial sound, sweet spot, psycho-acoustics, non-convex DC optimization.
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RESUMEN

Sound field reconstruction (SFR) es un enfoque popular para recrear una escena au-
ditiva en una region de interés utilizando una cantidad finita de parlantes. Los métodos
que siguen este enfoque suelen tener como objetivo aproximar a la onda sonora que cred
la escena auditiva deseada minimizando métricas de error inspiradas fisicamente, como
la norma L?. Sin embargo, estas métricas no tienen en cuenta efectos psicoaciisticos.
Por lo tanto, los artefactos auditivos generados por estos métodos pueden ser fisicamente
pequenos, pero psicoacusticamente grandes. Aunque existen métodos que incorporan
principios psicoactsticos, creemos que aun existe una brecha entre ellos y los enfoques
SFR: el vinculo entre el control preciso de la onda sonora reconstruida y la efectividad

psicoacustica de la misma no se ha desarrollado correctamente todavia.

Para cerrar la brecha, en este trabajo definimos un sweet spot que comprende la region
donde la onda sonora generada es psicoactisticamente cercana a la escena auditiva de-
seada. Luego, desarrollamos un método cuyo objetivo es generar una onda sonora que
maximice directamente este sweet spot. Este es flexible: impone pocas o ninguna re-
striccion en las regiones de interés, sobre la disposicion espacial y el patron de radiacion
de los parlantes, y permite la aplicacion de una amplia familia de modelos psicoacusticos
monoaurales, en particular de aquellos del estado del arte. Ademas, utiliza herramientas
de andlisis matemdtico y optimizacién que permiten su interpretacion e implementacion
eficiente. Nuestros resultados numéricos muestran que nuestro método produce sweet
spots mas grandes que los métodos de SFR del estado del arte para fuentes puntuales

sinusoidales bajo el modelo psicoacustico de van de Par.

Palabras Claves: Audio espacial, sweet spot, psicoacustica, optimizacién DC.

X1
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1. INTRODUCTION

“What could be meant by copying a fact would be hard to grasp even

if there were any such things as facts.”

Nelson Goodman

The field of spatial sound addresses the question: how do we create a desired auditory
scene over a spatial region of interest from a sound scene generated with a finite set of
loudspeakers? In this context, the sound scene represents the objective nature of a sound
wave propagating in the physical world, whereas the auditory scene represents the imprint

of the sound scene in our subjectivity, that is, the result of the auditory system perceiving

and organizing sound into meaning (Spors et al., 2013; Blauert, 1997).

Desired auditory scene over interest region

S
QA

2

Constructed auditory scene over interest region

AT
QI

Sweet spot

o

Original sound scene

77N
SR~
S &5 <

Constructed sound scene

Figure 1.1. Sound scenes, auditory scenes, and sweet spot in spatial sound.
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Over the last century, several methods have been proposed to answer this question.
They can be divided in three groups: 1) simple/heuristic methods that implicitly exploit
psycho-acoustic features, e.g. stereophony, (Hacihabiboglu, De Sena, Cvetkovic, John-
ston, & Smith III, 2017); ii) methods that pursue to reconstruct the sound scene, i.e. sound
field reconstruction methods (also called sound field synthesis) (Spors et al., 2013); 1ii)

methods that explicitly exploit psycho-acoustic features (Ziemer, 2020).

The performance of the methods can be compared in terms of the size of the region
where the sound scene creates an auditory scene that most closely resembles the desired
one. In this work, we call this region the sweet spot. It should be noted that in this
last definition we considered the auditory scene as a feature of the points of the region
of interest. However, our definition of an auditory scene is only properly clarified as a
feature of the subjectivity of a person. To transfer the definition from the person to the
region of interest, we must think the region of interest as a place for potential listeners
(see Fig. 1.1); the auditory scene is correctly recreated in a point of the region of interest

when the auditory scene of any potential listener lying over the point is correctly recreated.

For the description of the methods, we consider a region of interest €2 of arbitrary
shape, a set of loudspeakers located at 1, . . ., ¥,,, € R?, and a target sound pressure wave

up, as depicted in Fig. 1.2.

a A A
% <

D !

o

g

4
&@g?

Figure 1.2. Sound field reconstruction settings: target region €2, loudspeak-
ers, and target sound wave .
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1.1. Stereophony

One of the earlier and most widespread spatial sound approaches is stereophony (Union,
2012; Lipshitz, 1986). Its origins go back to 1931, when Alan Blumein introduced the first
two-loudspeaker sound system (Alexander, 2013). But its influence is still current: mod-
ern stereophonic systems as Dolby 5.1 are widely used in commercial products. These
methods, also called panning techniques, adjust the level and time-delay of the audio sig-
nals for each speaker utilizing a panning law to simulate steering the perceived direction

of the sound source.

For example, Vector Base Amplitude Panning (VBAP) (Pulkki, 1997, 2001) is a well
known amplitude based panning system that can reproduce 3D spatial sounds on sphere-
like settings. It is defined as follows: let the origin of the coordinate system be the center

of the target region (), the loudspeakers z,...,z,, € 0B(0,1) and vy produced by a

sound source located at o € 0B(0,1). Then, select the positions of the loudspeakers
that optimally encloses ¢ as x7%, 2%, v3 and define L = [;q 3 xg] € R3*3. Assuming
that L is invertible, the VBAP system reproduces the time signal of the source at the
loudspeakers located at x7, 23, 3 with gains equal to

7 L'z,

g=1(91,92,93)" = m

Due to psycho-acoustic features of the auditory system such as the binaural decol-
oration mechanism, stereophonic systems work sufficiently well in some applications,
even with few speakers (Spors et al., 2013). However, they can only simulate sound
sources that lay approximately on the surface of the convex hull of the speakers. Fur-
thermore, its quality degrades rapidly as the listener moves away from the center of the
target region (Spors et al., 2013). Hence, the auditory scenes they can reproduce accurately

are limited, and their sweet spot seems to be very localized.
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1.2. Sound field reconstruction

A more ambitious strategy to recreate an auditory scene is to directly approximate the
sound wave that created it. In the literature, this strategy is called sound field reconstruc-
tion (or sound field synthesis (Spors et al., 2013)) and, in this context, the sweet spot is
assumed to be the same as the region where the generated sound wave closely resembles

the target sound wave.

Following Huygens’ principle, any sound scene can be approximated accurately with
a sufficiently dense arrangement of loudspeakers. However, selecting the audio signals
for the loudspeakers is an ill-conditioned problem (Fazi & Nelson, 2007a), that is, large
changes in the loudspeaker signals do not necessarily produce large changes in the ren-
dered sound wave and therefore small changes in the rendered sound wave may imply
large changes in the loudspeaker signals. Moreover, when the problem is tackled from a
continuous perspective (with a continuum of loudspeakers surrounding the target region),
there might be multiple solutions, rendering the problem ill-posed (Fazi & Nelson, 2012).
This means that the reconstruction problem may not be easy to solve; in some cases the

reconstruction will be prone to numerical issues.

Three classes of commonly used methods for sound field reconstruction are mode
matching methods, pressure matching methods and wave field synthesis. All of them rely
on an ondulatory physical description of sound, and over the wave equation that can be

derived from it, which for completeness we present before the exposition of the latter.

1.2.1. The Wave Equation

The simplest model of sound propagation over fluids rely over the linearization of three
principles (Pierce, 2019, Chapter 1.6): the conservation of mass, Newton’s force equation

and a pressure-density relation.
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(i) The conservation of mass: for a fixed volume (2, the variation of net mass
in a volume () at any time can be expressed as the integral over () of the time

derivative of its density p:

0
/Qap(x, t) dx. (1.1)

Also, the entrance and exit of mass through the boundary of {2 can be expressed
as the integral over the boundary of the density times the velocity of the flow ¢/

through the boundary:

/a Pl 7(x.6) - dS(x) (1.2)

Then, the conservation of mass implies that the variation of the net mass over ()

needs to be equal to the entrance/exit of mass by its boundary:
a —
—p(X, t) dx = IO(X7 t)U(X, t) "n dS(X)
o Ot o9
= —/ V- (p(x,t)v(x, 1)) dx,
Q

where the last equation follows from Gauss’ theorem (Apostol, 1969, Chapter

12.19). Then, by the linearity of the integral,

/Q (%P(X, )+ V- (p(x, 1)v(x, t))) dx = 0. (13)

Finally, since the latter is true for any arbitrary €2, it implies the conservation of

mass equation

% (5,6) + V- (p(x, 1)i(x, 1)) = 0 (1.4)

(ii)) Newton’s force equation: the net force over over the fluid inside a fixed volume

(2 can be expressed as the integral of the surface forces per unit area, denoted by
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f:q, exerted by the immediate surroundings of €

fs(x,t) dS(x), (1.5)

o0

plus the integral of the the body forces per unit volume, denoted by ]Ejg, exerted

by non local forces such as gravity from the very outside of €:

/ fa(x,t) dx. (1.6)
Q

Although gravity is a fundamental force that is always present, it can be taken
as negligible in the context of acoustic disturbance phenomena at all but very
low (and inaudible!) frequencies (Pierce, 2019, Chapter 1.3). Also, a classical
assumption for f; (Pierce, 2019, Chapter 1.3) is that it is directed normally into

the surface 02, becoming
fo = —u(x, )i, (1.7)

where u is called the pressure of the fluid and 7i(x) is the normal vector of
(2 at x pointing outwardly. On the other hand, the time variation of the net
momentum of the particles inside €2 can be expressed as the material derivative
of the vectorized integral of the density times the velocity of the fluid:

a ), p(x,t)U(x, t) dx. (1.8)
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Then, Newton’s force equation, i.e. the net force is equal to the derivative of the

momentum, gives

—/ Vu(x,t) dx = Fs(x,t) dS(x) (Gauss’ theorem)
Q o9
= % p(x(t),t)v(x(t),t) dx  (Newton’s equation)
; (1.9)
= / pr (p(x(t),t)v(x(t),t)) dx  (Regularity of pt/)
Q
[ . :
= [ p(x,t) =0+ (0- V)T dx (Chain rule)
Q ot
Finally, since the latter is true for any arbitrary 2, it implies Euler’s equation for
fluids
0
Vulx, t) + p(s,1) 0+ (i V)i = 0 (1.10)

(iii) Pressure-density relation: In modern physics, the pressure v of a fluid in a
specific moment and position over a region {2 can be regarded as a function of

the specific density p and the specific entropy s (Pierce, 2019, Chapter 1.4):
u=u(x,t,p,s). (1.11)

Over this, we will utilize the common assumption that the specific entropy of
a fluid particle is considered as constant in time, i.e. the material derivative is
equal to zero:

d
Js(x 1) =0. (1.12)

The latter implies that the heat flow over €2 is negligible (Pierce, 2019, Chapter
1.4). Also, together with the assumptions that s is initially constant over {2 and

that the state equations are all equal over €2, we have s(x,t) = s and then
u=u(x,t,p,s0) = u(x,t,p). (1.13)

In practice, the pressure, velocity and density of a fluid in the acoustic disturbance pro-

cesses can be expressed as the sum of an ambient state (ug, Uy, po), related to the medium
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8
over which the acoustic disturbances occur, plus a perturbation (u', 0", p/):
u=ug+u, U=vo+7, p=po+/p. (1.14)

We assume that the medium is homogeneous, i.e. the ambient state is independent of the
position over §2; and quiescent, i.e. the ambient state is independent of time and vy = 0.

Then, equations (1.4), (1.10), and (1.13) become

0 1N\
0= 5.(po+ )+ V- ((po + p)7) (1.15)
0
0:V(uo+u’)+(,00+p)a—17’+(17’~V)17’ (1.16)
ou , 1 (0% o
u(po +p',50) = up + o' —U0+(ap)pop +§<82p2)p0(u) +..., (1.17)

where in (1.17) we have expanded the last expression into its Taylor series around py.

Then, neglecting all the non linear terms we get the linear acoustic equations

0
0= V. 1.18
E)tp +poV - T (1.18)
0=Vu + 8 (1.19)

= Vu' .
Poo; B t
u =7y, = <@> , (1.20)
ap Po
where <g—z> is taken positive for thermodynamic considerations (Pierce, 2019, Chap-
]

ter 1.5). In the following, for simplicity, we will omit the superscript for the perturbed

variables. Then, substituting (1.20) into (1.18) we have

1a

1 02 . L e
= 0=~ 5 U+ po— o (V-v)  (Partial differentiation in time)

c

| & 5 (1.21)
& 0= g@u -V <poaﬁ> (Regularity of v)

1 02 ) .
= 0=—=—u—V-u (Using (1.19)),
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which is the so called wave equation. Taking a time Fourier transform on it and fixing a

specific angular frequency w leads to the Helmholtz equation,

0 = k*u + V24, (1.22)
where k = w/c is called the wave number and u = u(x,w) = u(x) because w is fixed. If
we rewrite (1.21) in terms of the spherical coordinates, see Fig. 1.3,

x =rsinfcos ¢

y =rsinfsin¢ (1.23)

2z =rcosf

then we obtain

1 02 1 0 . Ou 1 *u 1 0%u
0= ro%r (ru) + r2sin 0 00 <sm«9%> * r2sin0 P¢ 2 %t (129
ZA
0 r
¢ / X
y

Figure 1.3. Cartesian and spherical coordinates.
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If we suppose that u is radially symmetric, i.e. u = u(r,0,¢,t) = u(r,t), then (1.24)

simplifies into

RS
T rerr e T 29
sco0=L L2, (Multiplying by r)
=5 ru 255 U uluplying by 7
(90 10 o 10 2 g2
<Z>O_<(9r cé)t) (8r+08t) (ru) (@ —=b"=(a—0b)(a+Db)) (125)
4 0 0 r r
r r .
S h=g (t-z)-i—gg (t—i—E) (Integrating)

where g; and g, are arbitrary functions. This means that the solution to the wave equation
in the radially symmetric case is the sum of an outgoing wave g; and an incoming wave
go. But go = 0 because of causality, i.e. a wave cannot exist in the medium before the
excitation that originated it at the origin of the coordinate system. Thus, we conclude that

ult,r) = %g (t - f) . (1.26)

C

This establishes that a radially symmetric wave propagates outwardly at velocity ¢ de-
creasing its pressure magnitude as the inverse of the distance from the origin. Then, we
can call ¢ the speed of sound. In the Fourier domain, (1.26) is equivalent to

efzkr

u(w,r) =9(f) (1.27)

r

In the latter case, the frequency information of the signal is encapsulated in g whereas the
spatial propagation information is contained in e~**" /r, which is called a monopole. The

Green function of the wave equation, actually not a function but a generalized function,
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satisfies by definition (Pierce, 2019, Chapter 4.3.3)
1 0?
_ 2

In an unbounded domain it turns out (Pierce, 2019, Chapter 4.3.3) that it also satisfies
(1.26) with g = 6o/4m, g = 1/4xw. Thus, in the frequency domain it becomes the normal-

ized monopole
e—ikr
u(w,r) =

) 1.29
4rr ( )

1.2.2. Mode Matching Methods

Mode matching methods find an approximation to the desired sound wave wug by
matching, usually in an L? sense, its oscillatory spatial modes with the ones of the sum
of the loudspeakers. The theory for the latter starts by finding a solution to (1.24) using

separation of variables, i.e.
u(r,0,¢,t) = R(r)©(0)®(¢)T'(¢). (1.30)

Equation (1.30) leads to four ordinary differential equations (Skudrzyk, 2012, Chapter

19.2)
1 d*T
1 d?d
——— =k 1.32
3 g = (1.32)
r?d®R  2rdR
— 4+ k= 1.33
Rd? " Rar Tl (1.33)
d doe
sinf— <sin9@> + (ka + kzsin?0) © = 0, (1.34)
where, in principle, ki, ky and k3 are arbitrary constants. However, in view of (1.31) we
choose k; as negative, i.e. k; = —(k})?; in this way we obtain from (1.31) solutions of the
form

T(t) = Tye ™1t 4 Tyetkret, (1.35)
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instead of exponentially time-decaying functions. Moreover, it is clear that the angular
frequency of the solution corresponds to w = k¢, and thus k; = k in the sense of the
Helmholtz equation (1.22). Furthermore, we only keep the part of the solution that evolves

from the past to the future, which by convention correspond to the first term, giving
T(t) = Tye ™" (1.36)

In view of (1.32), the positiveness of ks is assumed by the same considerations as for £:
we take m? = ky. Furthermore, since ® informs the azimuthal angle we need ®(¢) =
®(¢ + 27). For simultaneously guaranteeing this and the continuity of ®, we need m to

be an integer. In this way we obtain from (1.32) solutions of the form
D(P) = re "™ + Py, (1.37)

Equation (1.34) can be solved in a procedure (Skudrzyk, 2012, Chapter 19.3) that ulti-

mately leads to the need for k3 = n(n+ 1), where n is an integer and solutions of the form

©(0) = ©1P, ,(cosb), (1.38)

where P, ,,, is a Legendre Polynomial (also called Legendre Function (Williams, 1999,
Chapter 6.3.2)). Equation (1.33) can be solved by a procedure related to the Bessel equa-
tion (Skudrzyk, 2012, Chapter 19.4), that leads to solutions of the form

R(r) = RihtV (kr) + Ryh? (kr), (1.39)

where 1\ (kr) o« e and h{? (kr) o« e~*" are spherical Hankel functions of the first
and second kind, representing incoming and outgoing waves, respectively. Gathering up
(1.30), (1.36), (1.37), (1.38) and (1.39) we get that every solution to the 3D wave equation

for a fixed angular frequency w, i.e. to the Helmholtz equation (1.22) can be written as an



DocuSign Envelope ID: 38CFC6CA-781E-4C73-911C-83D4715CD6F5

13

infinite sum of terms of the form
u(w,r,0, ) = ZZDnmrk m(0,0) (1.40)

n=0 m=—n

where D, ,,(r, k) = Bnymhg)(k:r) + Cmmhg)(kr) is called the harmonic coefficient of
order n and mode m (Ward & Abhayapala, 2001), and

Yom(0, ) = \/ G+l n=m)p  osp)eins (1.41)

is called the order n and mode m spherical harmonic. The reason of the omission of first
component of (1.37) in (1.41) is that it is superfluous for a complete description of the so-
lution; the spherical harmonics are a complete orthonormal base of L*(0B(0,1)) (Kirsch
& Hettlich, 2016, Theorem 2.19), which also explains the normalizing coefficient in (1.41)

given by (2”+1) E” m; Thus,

0 ifn=n"Am=m'
/ Ym0, 0) Yo i (6, ¢) dfdg = (1.42)
95(0,1) 1 1.o.c.

Equations (1.40) and (1.42) imply that, for a fixed radius r, one can encode a known

(measured or simulated) sound wave u by taking the inner products

Dy (1, k) :/ w(w,r,0,0)Y, (0, ¢) dode (1.43)
8B(0,1)

up to a given order ny. Then, MMMs find an approximation to a target sound wave
by matching the first n, order harmonic coefficients of the target and generated sound
waves (Daniel, 2000). This match is usually done by L? minimization as follows: let
Q = B(0,r), {Df,} the harmonic coefficients of the loudspeaker ¢, and {DY  } the har-
monic coefficients of the target sound wave . Since any reconstructed sound wave is a
linear combination of the sound waves generated by the loudspeakers and the harmonic
representations converge uniformly on every compact set (Kirsch & Hettlich, 2016, Theo-

rem 2.33), the harmonic coefficients of the reconstructed sound wave are equal to the linear
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combination of the harmonic coefficients of the loudspeakers. Then, a L*-minimization
MMM system of order n searches for the optimal linear combination of the sound waves

generated by the loudspeakers by solving the following convex problem

no n
minimize E E
geCns

n=0 m=—n

2

DS, = > gD, (1.44)
/=1

Some well-known MMMs are Ambisonics (Gerzon, 1973), Higher-Order Ambison-
ics (HOA), and Near-Field Compensated Ambisonics (NFC-HOA) (Daniel, Moreau, &
Nicol, 2003; Poletti, 2005). Ambisonics assumes the loudspeakers emit plane waves and
uses only the leading harmonic coefficient, whereas HOA uses a larger but fixed num-
ber of coefficients. In contrast, NFC-HOA assumes the loudspeakers are monopoles,
or even higher order loudspeakers, (Samarasinghe, Poletti, Salehin, Abhayapala, & Fazi,
2013). Ambisonics, HOA and NFC-HOA, by their construction, are designed for circu-
lar or spherical regions of interest. When approximating a plane wave, NFC-HOA create
a spherical sweet spot with a radius that is inversely proportional to the frequency of
the source (Ward & Abhayapala, 2001). Some variations of these methods consider a
weighted mode matching problem to prioritize certain spatial regions (Ueno, Koyama, &
Saruwatari, 2019), or a mixed pressure-velocity mode matching problem, exploiting the
modes of the velocity to achieve a better accuracy (Zuo, Abhayapala, & Samarasinghe,
2020). Furthermore, MMMs have been analyzed in the limit of a continuum of speak-
ers (Ahrens & Spors, 2008; Fazi, Nelson, Christensen, & Seo, 2008; Wu & Abhayapala,
2009).

1.2.3. Pressure Matching Methods

Instead of using expansions in spatial spherical harmonics, Pressure Matching Meth-
ods (PMM) minimize the L? spatio-temporal error between the the target and generated

sound waves (Kirkeby & Nelson, 1993; Kirkeby, Nelson, Orduna-Bustamante, & Hamada,
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1996; Gauthier, Berry, & Woszczyk, 2005). Due to Parseval-Plancherel’s identity, this
problem can be tackled in the Fourier domain minimizing each frequency separately as
follows: let {x, },%, C © a discretization scheme of €2 and u,(x, w; g¢) the pressure sound
wave of the loudspeaker ¢ at the Fourier domain. Then, a L2-PMM system searches for the
optimal linear combination of the sound waves generated by the loudspeakers by solving

the convex problem

ng Ng
minimize > o (nsw) = > e, w3 90)| (1.45)
g S

n=1 /=1

where, typically the loudspeakers are modeled as monopoles, i.e.
e~ tkllx—xe|l

e 1.46
Il — x| (1.46)

ag(X, ws gf) =

The magnitude of the loudspeaker gains g, are often penalized by their LP-norm to mitigate
the effects of ill-conditioning or to promote sparse representations of the reconstructed
sound wave (Lilis, Angelosante, & Giannakis, 2010; Radmanesh & Burnett, 2013; Gau-
thier, Lecomte, & Berry, 2017; Jia, Zhang, Wu, & Wang, 2018; Feng, Yang, & Yang,
2018).

Besides PMMs’ flexibility, in most cases, its solution can only be found numerically,
and the discretization of the region of interest plays an important role: with an uniform
discretization only local sound field reconstruction works reasonably well, i.e. when the
loudspeakers are sufficiently far from (2. A modification to PMMs considers an additional
term accounting for the error in the velocity of the target and generated sound waves.
This modification yields robust results even when matching the pressure and velocity at
points that lie only along the boundary of the region of interest (Buerger, Hofmann, &
Kellermann, 2018; Buerger, Maas, Lollmann, & Kellermann, 2015; Shin, Nelson, Fazi, &
Seo, 2016).
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1.2.4. Wave Field Synthesis

Wave Field Synthesis (WFES) solves the reconstruction problem searching a driving

function D(x,w) according to the single-layer potential (Spors et al., 2013)
P(x,w) = D(x5,w)G(x — X, w) dS(xs). (1.47)

a9

This representation models the problem as if €2 were covered with a continuum of mono-
pole loudspeakers. Then, practical implementations with non continuum real loudspeakers
are treated as a discretization of the potential. To find an explicit form to D(x,w), WFS
utilizes the fact that every solution of the 3D wave equation over an open and bounded re-
gion 2 free of sources can be represented using Kirchoff-Helmholtz’ formula (Williams,

1999, Chapter 8.3)

P(x,w) ifxeQ

IG(x — x5,w)  OP(xs,w) _
| [P@cs,w) ) ) g —xw)] 45 =3 1P ifxe o
0 ifx € Q°
(1.48)

This means that the sound wave inside (2 is fully characterized by its pressure and the nor-
mal derivative of its pressure over 0. If we take {2 as an unbounded region whose bound-
ary is a plane, the Kirchoff-Helmoltz representation can be simplified to the Rayleigh

formula (Williams, 1999, Chapter 2.10): for x € (),

P(x,w) = —2/ MG(X — X, w) dS(xs). (1.49)
o0 on

Then,
g OP(x,w)
on

Unfortunately, for practical reasons it is preferable to have an horizontal /ine of loudspeak-

D(x,w) = (1.50)

ers more than plane. To transfer the Rayleigh formula to a line setting, WES utilizes the
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stationary phase approximation (SPA) (Williams, 1999, Chapter 4.6.1), which for func-
tions f, ¢ € C*(R;R) such that ¢’ > f’ yields the following approximation

/f(z)em(z) dz ~ f(z*)em(z*) / e%(b”(Z*)(zfz*)z 4z
R R

5 (1.51)
™ ; P 10 %
()t HiTsEn(o ().
7N
where z* is such that ¢(z*)" = 0. For simplicity, in the following we will assume that

Q= {x=(x,9,2) € R® |y > 0}, and then the Rayleigh formula can be written as

P(x,w) = —Z/R/R%;CU)G(X—XS,LU) dzydzs. (1.52)

Traditional WFS, initially developed by Berkhout (Berkhout, de Vries, & Vogel, 1993;
Berkhout, 1988), assumes that the desired sound wave is produced by a monopole source,
lying at xo = |20, yo < 0, 0], and applies the SPA over the z-coordinate over z* = 0. This
gives (Start, 1996)

*2m | |xs — Xo| - |x — x| OP(xs,w)
P ~ =2 — — . (L.
wx2 [y z’k\/\xs Tl PR om] oy Co T Xmw)dm. (133

Then,
/2 |x — o — x| OP(x,w)
Dyag(x,w) = =2 , 1.54
wa \/|X—X0|—|—|XT—X| dy ( )

where x, € (2 is a reference point where the amplitude of the reconstruction is approx-

imately exact when the stationary phase approximation is valid. Revisited WF'S (Spors,
Rabenstein, & Ahrens, 2008) assumes that the desired sound wave is essentially 2D,
ie. P((z,y,2),w) = P((z,y,7),w) for all z,2’ € R, and applies the SPA over the

z-coordinate and z* = 0. This gives

Px,w) = —2 / % / G(x — xo w)dzadas

/ /27T]X x| OP( Xs, ~ xow)da,,

(1.55)
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Then,

27|x, — x| OP(x,w)
Diey(X,w) = =2 : , 1.
(x,w) Vo By (1.56)

To deal with non planar regions of interest, it was proposed in Revisited WES to apply the
derived driving function for planar boundaries multiplied by a window function (Spors et
al., 2008)

() = 1 if (Tup(x),n(x)) <0 | 157

0 elsewhere
where ﬁto (x) is the averaged acoustic intensity vector (Pierce, 2019, Chapter 1.11) of u,
at x and 77(x) is the normal vector of {2 at x pointing outwardly. The window function acti-
vates only the part of the boundary of the interest region that is ’illuminated’ by the desired
sound wave. When the surface is smooth, convex and its curvature is small compared with

the wavelength of the desired sound wave, this planar approximation is considered valid.

Further generalizations and unifications of the theory of WFS, that encompass the
Traditional and Revisited ones, are developed in (Firtha, Fiala, Schultz, & Spors, 2017;
Firtha, 2019). It has been shown that the spatial properties of the auditory scene are
correctly simulated by WES and do not depend on the position of the listener over the
region of interest (Wierstorf, Raake, & Spors, 2013). However, it suffers from coloration

effects due to spatial aliasing artifacts (Wierstorf, Hohnerlein, Spors, & Raake, 2014).

1.2.5. Why sound field reconstruction is not the best approach?

There is extensive literature analyzing these methods and comparing their perfor-
mance (Daniel et al., 2003; Spors & Ahrens, 2008; Fazi, Nelson, & Potthast, 2009;
Franck, Wang, & Fazi, 2017; Firtha, Fiala, Schultz, & Spors, 2018). In fact, they become
equivalent in the limit of a continuum of loudspeakers, differing only when using a finite
number (Fazi & Nelson, 2007b). Although they are amenable to mathematical analysis

and have computationally efficient implementations, there is no natural psycho-acoustic
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justification for minimizing the ¢?-error for the coefficients of the expansion in spherical
harmonics, the L?-error for the pressure or velocity, nor the solution to an integral equa-
tion, to produce a large sweet spot as we have defined it. As a consequence, the artifacts
introduced by these methods, due to approximation errors, may produce noticeable, and

possibly avoidable, psycho-acoustic artifacts.

1.3. Psycho-acoustic approaches

An alternative to reproduce better the auditory scene is to explicitly account for psycho-
acoustic principles (Zwicker & Fastl, 2007; Blauert, 1997) in the methods. The first steps
in this direction were taken in (Johnston & Lam, 2000) by proposing a simple model that
aims to preserve the spatial properties of the desired auditory scene. They emphasized that
a perception based system should recreate the interaural level difference (ILD) and inter-
aural time difference (ITD) of the potential listeners. This way, it would at least correctly

recreate the horizontal spatial properties of the desired auditory scene.

A method to reproduce an active intensity field, itself a proxy for the spatial prop-
erties, that is largely uniform in space was then proposed in (Sena, Hacihabiboglu, &
Cvetkovic, 2013). It is based on an optimization problem yielding audio signals where
at most two loudspeakers are active simultaneously. However, it makes the restrictive
assumption that the target sound wave is a plane wave, and that the loudspeakers emit
plane waves. In (Ziemer & Bader, 2017) the radiation method and the precedence fade
are proposed. The former is equivalent to applying a PMM over a selection of frequencies
that are most relevant psycho-acoustically, whereas the latter is a method to overcome the
localization problems associated to the precedence effect (Blauert, 1997). Finally, in (Lee,
Nielsen, & Christensen, 2020) a PMM is extended to account for psycho-acoustic effects

by considering the L?-norm of the differences in pressure convolved in time by a suitable
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filter, i.e. it is based on the convex problem

Nq

nte
minimize (X, tin; 2 , 1.58
inimi ;;l (%, tms ) (1.58)

where p is the convolution filter and ¢ is the convolved error between the synthesized and

the target sound waves, i.e.,

e(x,t;9) = | p* |uo — ZU[(Q[) (x,1). (1.59)
=1

Note that the structure of (1.58) generalizes the radiation method, since selecting specific

frequency bands is equal to the convolution with a sum of weighted sinc functions.

1.4. Contributions

We believe that there is a gap between methods that aim to directly approximate a
sound wave to reproduce a desired auditory scene, and methods that leverage psycho-
acoustic models to reproduce the same auditory scene. In this work, we develop a method
from first principles that incorporates monaural psycho-acoustic models to generate a
sound wave that directly maximizes the sweet spot. This method is amenable to mathe-
matical analysis, has an efficient computational implementation, and incorporates psycho-
acoustic principles from the onset. Our numerical results over sinusoidal instances and
van de Par’s spectral psycho-acoustic model (van de Par, Kohlrausch, Heusdens, Jensen,
& Jensen, 2005) show our method outperforms the most common state-of-the-art methods
for sound field reconstruction in three senses: (i) we generate the largest monaural sweet
spots in every instance evaluated, (ii) we implicitly perform intensity direction reconstruc-
tion (a proxy for binaural cues) with consistently better results than the other methods, (iii)
differently from other methods, we guarantee no discomfort for every potential listener ly-
ing on the target region. Also, the latter benefits of our method are preserved in multiple

zones (with a zone of silence) instances.
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1.5. Structure of the thesis

This work is organized as follows. In Section 2.1 we introduce the main physical and
psycho-acoustic models that we use. In Section 2.2 we formulate the variational problem
of maximizing the sweet spot, proposing an accurate approximation, and analyzing its
properties. In Section 2.3 we show this approximation can be recast as a Difference-of-
Convex (DC) program, and we introduce the SWEET algorithm as an efficient method to
solve it approximately. In Section 2.4 we show a concrete implementation of our method
based on van de Par’s spectral psycho-acoustic model (van de Par et al., 2005). Finally,
in Section 2.5 we perform several numerical experiments analyzing its performance, com-
paring its results with WES, NFC-HOA and PMM over sinusoidal instances, and showing
some concrete applications in multiple frequency and multiple zones (with a zone of si-

lence) instances.
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2. MAXIMIZING THE PSYCHO-ACOUSTIC SWEET SPOT
2.1. Mathematical model
2.1.1. Acoustic framework
Consider an array of n, speakers located at 1, ..., 7,, € R3 When the medium is

assumed homogeneous and isotropic, and each loudspeaker is modeled as an isotropic

point source, the sound wave they generate is (Evans, 2010, Section 2.5.2)

Ns

i) = S =l = )

pt A7 ||z — x|

where c; is the speed of sound in the medium, and ¢y, ..., ¢, are the audio signals of

s

every loudspeaker. In the frequency domain, this is represented as

~ Ns R e—2m‘cs_1f||$—$k||
i(f.x) = alf) ey p— -
k=1

where ¢, is the Fourier transform of ¢, in time

alf) = / cx(t)e2mI" dt.

To model the spatial radiation pattern of each loudspeaker, along with time-invariant ef-
fects such as reverb (Gauthier et al., 2005; Betlehem & Abhayapala, 2005), the represen-
tation (2.1) can be replaced by

Ns

k=1
where G, are the corresponding Green’s functions. In addition to this array, consider a
bounded domain 2 C R? containing no loudspeakers, i.e. z; ¢ Q, allowing us to avoid
the singularities in (2.1) at each x;. On this domain, we could attempt to approximate as

best as possible a sound wave uy with the array of loudspeakers.
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If we had a continuum of isotropic point sources on 0f2 then, under suitable conditions,
the simple source formulation (Williams, 1999, Section 8.7) shows we can reproduce
exactly. However, when only a finite number of physical loudspeakers are available, we

must find ¢, . .., ¢,, such that

’/u\o(f,l’) ~ Ak(f)Gk(.ﬁx)ﬂ (23)

in an suitable sense, for x € 2. In many cases uy is real-analytic on its second argument
over ). As a consequence, when the speakers are isotropic point sources or GGy, is real-
analytic on its 2nd argument, the approximation cannot be exact on any open set unless ug
was actually generated by the speaker array (Krantz & Parks, 2002, Corollary 1.2.5). This

suggests (2.3) can hold only in average.

From now on we let W be the set of acoustic waves that can be generated by the array,
represented in the frequency domain as in (2.2). We formalize this set in Section 2.2 and
we first turn our attention to the psycho-acoustic criteria that determine a suitable sense to

interpret (2.3).

2.1.2. Psycho-acoustic preliminaries

To interpret (2.3) adequately, we consider two basic aspects of the human auditory
system: the hearing threshold and the damage/discomfort risk level threshold. The former
allows us to determine when the differences between w1, and the approximating wave are

negligible, whereas the latter ensures we do not harm listeners.

2.1.2.1. The hearing threshold

An important psycho-acoustic problem is to determine when the difference between

two audio signals vy = vg(t) and v = v(t) is audible. A key concept to address it is the
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Figure 2.1. Threshold of audibility.

absolute threshold of hearing (Zwicker & Fastl, 2007, Section 2.1) (see Figure 2.1): when

vo = 0, a pure tone v is imperceptible if its intensity falls below it.

In complex audio signals other mechanisms come into play and the criteria for per-
ception depend on the signal vy being approximated. It has been proposed that the human
auditory system first computes an internal representation of the audio signal v — ®(v)
to then apply an internal detector (®(v), ®(vg)) — D*(P(v), P(vy)). The difference is
perceptible if this value exceeds a given threshold (Jepsen, Ewert, & Dau, 2008; Disch et
al., 2018). These studies do not provide a tractable form for this representation nor for
the internal detector. A simplification yielding a tractable model is given in (Plasberg &

Kleijn, 2007). The model is simplified to a non-symmetric distortion measure
D(v, vy) = / L (v — vo) ()2 dt 2.4)
R

where L is a transform modelling locally time-invariant filters that may depend on vy. An-

other simplification in the literature is to consider a sum of convolved-weighted-squared
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errors (Taal, Hendriks, & Heusdens, 2012)
D(v,vy) = Z/ | % (v — v0) () g (2)|? dt (2.5)
= JR

where hj and g, represent a spectral and time weighting respectively. Together they model
the difference over the k-th auditory filter. The filters may depend themselves on vy. A
further simplification introduced in (van de Par et al., 2005) consists in taking a constant
g, 1.e.,

D) =Y /R 3(5) — Bl )P ol F) df. 2.6)

This proposal works only with spectral information and thus it may not capture tempo-
ral masking effects accurately (Taal et al., 2012). The main reason to make these models
dependent on v is to account for the psycho-acoustic equivalence of v and vy when the ap-
proximation error is masked by vy. This is a principle already used in audio coding (Painter

& Spanias, 2000; Bosi & Goldberg, 2012).

2.1.2.2. The damage and discomfort risk threshold

Exposure to loud sound waves may be uncomfortable. Then, unrestricted spatial sound
systems may reproduce undesirable sound scenes where some features prevail at the ex-
pense of the discomfort of some listeners. Empirical thresholds for loud discomforts levels
for sinusoidal signals over a finite set of frequencies have been defined in the literature,
e.g. in (Knobel & Sanchez, 2006; Sherlock & Formby, 2005). Naturally, these can be

expressed as
[t oz ex)

where p(f) is the multiplicative inverse of the threshold.
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2.1.3. Psycho-acoustic framework

Although there is no definitive model for the hearing threshold, the literature supports
the idea that the effects that must be taken into account depend on the sound wave uy, itself.
In this work we consider a general form for these models that includes some proposals in
the literature. Inspired by (2.4), if w is a acoustic wave on €2, a map of the form

2

Bu(z) = / Kp(t,t',x)(u —uo)(t',x)dt'| dt (2.8)
R

where K is a suitable kernel, not necessarily time-invariant, quantifies the differences in
perception between u and 1 at a given x. A map of this form can account for time-variant
effects, such as temporal masking, and also for time-invariant effects, such as spectral
masking. Then, as the form in (2.4), Kz models a locally time-invariant filter. Also, it can
be regarded as a factorization of a quadratic form that relates the difference of the signals

at different times, i.e., formally we have,

Bu(z) = /(/ Kp(t, ¢, 2)(u—uo)(t, a:)dt) (/ Kp(t,t" m)(u—uo)(t”,x)dt”) dt
// u—up)(t', ) (/KB t, ¢, x)* Kp(t,t" x)dt>(u—u0)(”,:c)dt’dt”

W(tl tll )

// w—ug)(t', )W, ", x)(u—up)(t", x) dt'dt”,

where IV is the kernel of the quadratic form at each .

By choosing suitable kernels we can represent the differences in perception over sev-
eral auditory filters as a collection of functionals By, ..., By, of the form (2.8). Conse-

quently, we define the threshold map as

Tu(z) == V(Byu(z),..., By,u(z)) (2.9)
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where ¥ : R* — R is a continuous convex function that is non-decreasing on each one of
its components. Without loss, we consider the difference between u and v is not audible
at z if Tu(x) < 0. Remark that by choosing a suitable function ¥ we may incorporate
interactions between different auditory filters, e.g., when W is a positive-definite quadratic
function, representing the integration of the difference of perception between different

frequency bands.

By choosing a suitable kernel Kz and integrating function W, a functional of the
form (2.9) reproduces the auditory metrics (2.4), (2.5) and (2.6). To reproduce (2.6) we
choose oy (t, ) as a function associated to the k-th auditory filter such that pi(f,z) =
|0 (f, z)|* and choose the kernel K, (t,t',2) = ox(t' — ¢, z). By Parseval’s identity and

the convolution theorem we have

Byu(z) = /R

:/R\ak « (0 — o) (t, )| dt

2

/ op(t' —t,x)(u —u)(t', z)dt'| dt

==4Kﬂ—%ﬂﬁ@fﬁﬁﬂwfﬁ

_ /R (@ — o) (f. ) pi( S x) dF.

By considering the integrating function ¥(zy,. .., z,,) = > .o, 2 we conclude that

Tu(x) has the same form as (2.6) at every z € (.

Similarly, to obtain (2.5) we choose the kernel K, (t,t',x) = hi(t' — t,z)gr(t, x).

Then,
Byu(z) = /
R

= [ (w = w2t ) .

2

/th(t’ —t,2)gr(t, ) (u —uo) (¢, ) dt’'| dt
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If we consider the same integrating function W(z1, ..., z,,) = Y .o, 2 we conclude that

Tu(x) has the same form as (2.5) at every = € ().

Finally, to obtain (2.4) we first assume L can be represented by an integral kernel. We

believe this is not a restrictive assumption in practical applications. Hence,

L(u — ug)(t,x) = /RKB(t, t'x)(u — ) (t', x) dt’.

Note this is precisely the form

1= wafa= |

With this, and considering W(z) = z for n, = 1 we conclude that T'u(z) has the same

2

/KB(t,t',:E)(u —ug)(t',x)dt'| dt.
R

form as (2.4) at every x € 2.

Therefore, given an approximating wave u € Wyg, we define its sweet spot as the set

where v is psycho-acoustically equivalent to wy, 1.e.,
S(u) ={z € Q: Tu(x) <0}. (2.10)

Note the psycho-acoustic equivalence that defines the sweet spot is monaural. Although at
each point the audio signal is in this sense equivalent to the original, this does not account
a priori for binaural effects, e.g., whether the position of an audio source is perceived

correctly.

Analogously, to model the discomfort level threshold we consider a collection of func-
tionals @1, . . ., @, of the form (2.8) with uy = 0. Note that those generalize (2.7) as they
can account for time-variant effects. To enhance flexibility, we do not assume the same
selection of auditory filters for the functionals B and (), nor that n, = n,. Hence, we

define the discomfort map P as in (2.9) for ug =0

Pu(x) = I(Qu(z), ..., Qn,u(x))
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where II is a function with the same properties as V. Then,
P:={u: Vo e Q. Pu(x) <0} (2.11)

is the collection of sound waves below the discomfort threshold at every x. The domain
of T"and P are sound waves, and thus are part of the sound scene. In contrast, their image
are part of the auditory scene. Hence, T" and P link the objective and subjective aspects of

the problem.

Our goal is to find an acoustic wave u € Wy that maximizes the weighted area of the
sweet spot 1(S(u)) while remaining comfortable, i.e., v € P. From now on, we assume
up is known and fixed. Particularly, all the parameters that we have introduced to define

the threshold map (2.9) may depend on wy.

2.2. Maximizing the sweet-spot

To formalize the problem of maximizing the sweet spot we make some critical as-

sumptions. We consider the space

W= {u: sup/ lu(t, z)? dt < oo}
zeQ) JR

of sound waves that have finite energy at every x € (). Spaces of this form are called

mixed LP-spaces and were introduced in (Benedek & Panzone, 1961). The space W is

1/2
lullw = sup (/]u(t,x)]2dt) .
e R

An important feature of this norm is that the energy is preserved in time and frequency,

complete under the norm

ie., ||lullw = ||u]lw. From now on, we assume uy € W. The following proposition
summarizes the technical results that ensure that the methods we propose are well-posed.

We defer its proof to Appendix A.
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PROPOSITION 1. Suppose that

(i) The audio signals ¢, in (2.2) are all bandlimited to an interval 1, and their L*-norm
is uniformly bounded.
(ii) The functions Gy, in (2.2) are continuous and bounded on I, x .
(iii) For every K € {Kp,,...,Kp, } U{Kq,,...,Kq, } there is a constant Ci such
that
/ K (L, 2)| dt, / K¢, 2)| d < O
R R

fora.e. x € €.
Then the following assertions are true.

(i) The map T : W — L>(Q) is continuous, and for almost every x € ) the map
u — Tu(x) is convex.
(ii) The set S(u) is Borel measurable for any u € W.
(iii) The set Wg is compact in W.
(iv) The set P is closed in W.

We assume the hypotheses of the proposition hold throughout. This does not impose
strong constraints on the threshold map (2.9). However, this implies the sound waves in

W are continuous in space and time.

The weighted area of the sweet spot is measured with a Borel measure o (Cohn, 2013,

Section 1.2). The problem of maximizing the sweet spot becomes

maximize (S(u))
ueWsg

(Fo)

subjectto u € P.
In the above problem the feasible set is closed and bounded and, in fact, compact. To prove
there exists a solution, we need to characterize the regularity of the objective function.

However, this implies characterizing the behavior of the set-valued function u = S(u).
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This could be very difficult in practice. For this reason, we propose an approximation to
(Pp) that can be analyzed with standard methods, and for which approximate solutions

can be found efficiently.

2.2.1. The layer-cake representation

The layer-cake representation allows us to approximate the area of S(u) in terms of
an integral over a function of u. Let ¢ be a bounded non-negative function of bounded
variation such that ¢(¢) = 0 for t < 0 and ||¢|[;1 = 1. Let . denote the function
@:(t) = (1/e)p(t/e) for e > 0 and define

t
0= [ els)ds
Suppose v € L*(2), & > 0 and let S, := {x : v(z) > a}. Since Q2 is bounded, this
implies v € L'(€). We claim the area 1(S,,) can approximated by

A w) = [ @l0(e) - ) duta).
Q
PROPOSITION 2. For every fixed v € L>(Q2) and o € R we have

lgﬂ)l AP () = p({z € Q: v(x) > al).

PROOF OF PROPOSITION 2. Let {¢,} be monotone decreasing to zero and V;,, :=
{z € Q: v(z) > a+ e,t}. Forevery fixed t > 0 we have V;,, C V,,, 1. Define

Vii=UpeoVin = {z € Q: v(z) > a} and h,(t) = ¢(t)u(V;,n). Note the latter are

measurable as ¢t — y(V},,) is monotone. Then h,,(t) T ¢(t)(V) as n — oo by continuity
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from below (Cohn, 2013, Proposition 1.2.5). By Fubini’s theorem
v(z)—a
A (v) = / / @e,, (1) dtdpu(xr)

QJ—-oc0

= / Pen (1) / X{v(x)—azt} (t, ) dp(z) dt
R Q

~ [eaulz s vie) za+ e ar
R

_ / " (Vi) dt

— p({r e Q: v(z) > a})

where we used the monotone convergence theorem (Cohn, 2013, Theorem 2.4.1). As {¢,, }

is arbitrary, the claim follows. U

Therefore, writing A, = Aéo), we have for u € W and ¢ small that

A(Tu) = /Q B, (Tu()) dyu(x)

~u({xreQ: Tu(z)>0})

whence (1(S(u)) ~ pu(2) — A-(T'u). This allows us to use directly an integral functional
of a function of T'u thereby removing the need to use the set S(u) as an optimization

variable.
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2.2.2. The variational problem
We propose to solve the e-approximated problem
minimize A.(Tu)
(P { s (2.12)

subjectto u € P.

We can characterize the regularity of the objective function for this problem.

PROPOSITION 3. The function A, : L>(Q2) — R is continuous. Since W is compact,

there exists at least one solution to (2.12).

PROOF OF PROPOSITION 3. Let § > 0 and vy, v € L>°(2) be such that ||v — vy~ <
0/2. Then |v(z) — vo(x)| < §/2 for x on a set of full measure. Since ¢(t) is bounded for
—|vo|lze — 0/2 < t < ||vol|p= + §/2 we have

vo(z)+6/2
B.(00) ~ ) < [ (bt <oy
vo(z)—06/2
where ¢, , > 0 depends only on ¢ and vg. Thus, |A.(vs) — A.(v1)| < €4y, 1(€2)d Whence

A is continuous. The existence of solutions follows from the compactness of Wy N P.

OJ

Unfortunately, we cannot assert that the solution to (2.12) is unique and, in fact, several
solutions may exist as two distinct sound waves may be the best psycho-acoustic approx-
imation to uy on 2. Consider the case uy = 0: any sound wave u € Wy of sufficiently
small magnitude falls below the pain and hearing thresholds, and is thus optimal for (2.12).
In addition, although the feasible set is convex, the objective function is not. Therefore, in
principle, there may not be efficient algorithms to solve (2.12), and several local minima

may exist.
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2.3. DC Formulation

To introduce a suitable algorithm to solve (2.12) we first rewrite it as

minimize  A.(v)
subject to Tu<v, uecP.
We interpret the auxiliary variable v as an overestimate of the threshold map over 2. The

proof of the following proposition shows that for all practical purposes we can assume

Tu = .

PROPOSITION 4. The following assertions are true.

(i) The set {(u,v) : Tu < v} is closed and convex.
(ii) If u* is an optimal solution to (F:) then (u*,Tu*) is an optimal solution to (P.). In
particular, (P!) has a solution.
(iii) If (T'w*,v*) is an optimal solution to (P.) then (u*, Tw*) is also an optimal solution,
and u* is an optimal solution to (P.).

(iv) The problems (P.) and (P!) are equivalent.

PROOF OF PROPOSITION 4. We omit details for brevity. (i) Convexity follows from
(1) in Proposition 1. Similarly, the set is closed by the continuity of 7'. (ii)-(iv) Let u be
an optimal solution to (P.). By choosing v = T'u it is clear the optimal solution to (P/) is
less or equal than that of (P.). Let (v, v") be an optimal solution to (P.). We claim that we
can choose v’ so that v = T'u/. First, remark that v; < vy implies that A.(v;) < Ae(vy).
Therefore, we can define v” € L*>°(Q) as v”(z) = min{v'(x), Tu'(z)} = T (x) whence
A (v") < A (v'). Since (u/,v') is optimal, A.(v"”) = A.(v') and, without loss, we can
assume v’ = Tu’. Consequently, the optimal value of (P!) is greater or equal to that of
(P:). Hence the problems are equivalent and, by Proposition 3, they both have at least one

solution. 0
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From now on, we denote both (2.12) and (2.13) as (P.) and we omit the subscript
€ when possible. Note that in (2.13) the objective is the difference of convex functions.
Since ¢ is of bounded variation we can consider its Jordan decomposition (Royden &
Fitzpatrick, 2010, Chapter 6, Jordan’s Theorem) ¢ = ¢ — ¢ where p,,p_ : R — R
are non-decreasing functions. Define

t t
b= [ e o= [ oo

By construction, ® = &, — ®_. Hence, we can decompose Aas A = A, — A_ where

Amm—4¢mm»wm,Amm—L¢wwmmw

PROPOSITION 5. The functions A, A_ : L*=(£2) — R are convex and continuous.

PROOF OF PROPOSITION 5. By construction, both &, and ®_ have a derivative al-
most everywhere that is non-decreasing, hence monotone (Bauschke & Combettes, 2011,
Proposition 17.10). Therefore ®, and ®_ are convex. With this, and the linearity and
monotonicity of the integral, A, and A_ are convex. Moreover, they are continuous as the

proof of Proposition 3 holds mutatis mutandis. UJ

Hence, the formulation (2.13) is a Difference-of-Convex (DC) program (Tao & An,
1997; Horst & Thoai, 1999). For this type of problems, there are efficient algorithms that

attempt to find a solution.

2.3.1. SWEET algorithm

The Convex-Concave Procedure (CCCP) (Lipp & Boyd, 2016) is an efficient method,
which can be thought as a primal version of the DCA algorithm (Tao & An, 1997), to
find a solution to (2.13). Although it can be shown that if it converges, then its limit is
a stationary point (Tao & An, 1997, Theorem 3), our results in Section 2.5 suggest that

in practice we are able to find local minima for (2.13). The CCCP is an iterative method
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Algorithm 1: SWEET

input: A decreasing sequence {e;} of positive numbers with ¢ > 1, N., N, € N
and vy € L=(Q)
set :N=N.N,
for:=0,...,N.—1do
forj=0,...,N,—1do
kE=1iN,+j
(Uk+1, Vk41) solution to (Px, ., )
end
end
return uy

that uses an affine majorant for the concave part, e.g., using subgradients, to then majorize
the objective function in (2.13) with a convex function. The resulting convex problem can

then be solved efficiently.

Since A_ is continuous and convex, it has a subdifferential 0A_(vy) C L*>(Q) at

every vy € L*(2) (Barbu & Precupanu, 2012, Proposition 2.36). If g € 9A_(v,) then
A(v) > A_(uo) + glv — vo)

for any v € L*(£2). The functional g is called a subgradient. Therefore, we can use the

convex majorizer
A@w) = A+ (v) + A_(v) < A1 (v) = A_(v0) — g(v — o).

Although it may be difficult to characterize the subdifferential of a convex function on a

Banach space, in our case we can always find at least a subgradient at any vy.

PROPOSITION 6. Let vy € L®(S2). Then

Gun(0) = / o (vola))o(x) dp(z) 2.14)

is a subgradient for A_ at vy.
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PROOF OF PROPOSITION 6. Let v € L>(1), t,ty € R. By the monotonicity of ¢_

we have

to

¢4m+wwW—m=/ w@@+/%ﬁws

—0o0 to

S/ w_(s)ds
=d_(1).

Since ¢ € R is arbitrary, ¢_(%y) is a subgradient of ®_ at ¢,. Moreover, since t; € R is

arbitrary, we have that
(P_ovg) + (p_ov) - (v—1y) < (P_ow).
Whence, by the monotonicity of the integral, integrating over 2 yields
() 2 A=)+ [ o (un(a))(v(z) = vo(a)) d(z).

Q

Since v € L>(12) is arbitrary, g, is a subgradient of A_ at v. O

The CCCP solves at each iteration the convex problem

- A (o) — A (ug) — g (0
| Jminimize +(v) (v0) = guo (v — v0)

(Pruo)
subject to Tu<wv, uepP.

PROPOSITION 7. There exists at least one solution to (2.3.1).

PROOF OF PROPOSITION 7. We first construct a candidate for an unconstrained min-
imizer of the objective. Let 0y : 2 — R be any representative of the equivalence class v
and, for z € Q, define f,(t) = ®,(t) — p_(0o(x))t. Then define the multivalued map
F:Q=Ras

F(z) ;= argmin{f,(t) : t € R}.
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Note that f, is convex; similarly to the proof of Proposition 6, we have that g,(t) :=
o (t) = o (To(2) € OLlt). Let Q= {z € Q1 gu(—uolli=(ey) < 0}. Since (¢ —
©_)|0,00) = 0 and ¢, is non decreasing, for t > ||vg||z~) and = a.e. in 2 we have
that g,(t) > 0. Similarly, since (¢4 — ¥_)|(—o0,0) = 0 and ¢ is non decreasing, for
t < —llvol|z=(@) and z a.e. in © we have that g,(¢) < 0. Thus, considering that f, is

continuous and convex, [’ takes non-empty closed convex values and

(i) F(x) C [—=|lvollLe(@), [|vo|| oo ()] for = a.e. in Qp,

(i) —||vo|lre(o) € F(x) forz € Qf.

Therefore, ' admits a measurable selection v** (Aubin & Frankowska, 1990, Theorem 8.2.2
and Theorem 8.1.13). Because of (i), [0**(x)| < |9p(z)| for = € €. Let 0* be such that
f}I*Qb = 17|*5b and T)I*Qg = —||vo||z(). Because of (ii), and considering that ), is a mea-
surable set, v* is still a measurable selection for F'. If we let v* denote its equivalence
class, we deduce that ||v*||p~ < ||vo||L~ Whence v* € L*°(€2). By construction, for every

v e L>®(Q),

@y (v"(2)) = o (to(2))v"(x) < Py (v(2)) — @ (Bo(x))v(x)

for z a.e. in Q2. Therefore, by the monotonicity of the integral,

A (V) = guo (V) = Ap (V%) = gy (V7).

Thus, v* 1s an unconstrained minimizer of the objective. However, it might not exist u €
W such that (u,v*) is feasible. But we can define a a minimizing sequence {(u, vx)},
and then let wy = max{v*,Tu,} and Q = {z € Q : Tug(x) = wy(x)}. Since vy
is feasible, v*(x) < Tui(z) < wvi(x) a.e over €. Moreover, since f, is convex, it is

non-decreasing over the set [0*(z), c0). Therefore we have

Oy (vr(2)) — - (vo())vk(x) = @4 (Tur(x)) — - (vo(x)) Tus(x)

= P (wi(2)) = - (vo () Jw(z).
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for z a.e. in ;. Analogoloustly, since Qf C {z € Q : w; = v*},

Oy (vr(2)) = - (vo(2))vk(2) = Oy (wi(2)) = p—(vo(@))wi ().

for z a.e. in Q2. Then, by the monotonicity of the integral,

AL (V) = Guo (V) = Ay (Wk) — Gup (W)

Since Wy is compact, there exist a convergent subsequence {uy)} C {ux} such that

limy_o0 () =: e € Wy. Since the sequence is minimizing

*

p" =lim inf (A} (vk) = guy(vk)) = lim inf (A4 (wk) = goy(wi)) = p
k—o00 k—o00

where p* € R is the optimal value. Hence, {(u,wy)} is also minimizing. Since 7T is
continuous, we have limy_,o wy() = max{v*, Tu.}. Hence, (us, max{v*,Tus}) is a

minimizer. ]

By solving a sequence of problems of the form (P, ), where (ugy1, V1) is an

&,V 41

optimal solution to (P ,, ), we can attempt to find a solution to (P.).

Assuming the CCCP converges to a local minimizer to (F.), we can then solve a
sequence of problems of the form (P., ) for a decreasing sequence {£} to approximate a
solution to (Fp). In this case, we initialize the CCCP to solve (P,

€k+1

found for (P, ). We call this the SWEET algorithm and is shown in Algorithm 1.

) with the solution

Finally, remark we could apply the decomposition AocT = A, oT —A_oT in (2.12).
Although the term A_ o T'is convex when ¢, > 0, majorizing —A_ o T" would be more

involved than the approach we have taken here.

2.3.2. SWEET-ReLU algorithm

When ¢ is a step function, the function @ is the difference of two Rectified Linear Units

(ReLUs). The resulting instance of Algorithm 1 is simple and interpretable. Let ¢ > 0
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and ¢ = e yp,. Choosing v = £ 'x[0.00) and p_ = £ X[ ), the decomposition
® =P, — d_ becomes

1
P(x) = g(er —(z—¢)y)

whence @, and ®_ are ReLUs. Moreover, the subgradient (2.14) becomes

1
ao@ =2 [ o) dutz).
€ {z:vo(z)>e}

Let €. ,, := {z : vo(z) < e}. Since A_(vy) and g,,(vo) in (P-,,) the terms are constant,

it suffices to compute

A0) = 0us0) = 2 [ vla)edu(o) =2 [ ola)duto)

9 9

c
€,v0

9 €

_ 1 / ) dut L1 / (—v(2))+ dp(x)

€00

where we used the fact that ¢, — ¢ = (—t),. The second term is non-negative, and it is

positive only when v takes negative values. The restriction Tu < v in (P.,,) allows us

to choose v arbitrarily large over (), , decreasing the objective value, and allowing us to

neglect the second integral. Therefore, only the first term contributes to the objective in
(P-.,). Hence, for this choice of ¢, ¢, and ¢_ we obtain

( v e e
Jnimize, [ o(a)sduta)

(Peo) subject to ueP (2.15)

Tu <wv,0<w

Qc

£,v(
Because of the monotonicity of the positive-part function we can eliminate the auxiliary
variable v to obtain the problem
minimize / (Tu(x))y du(z)
Qs,vo

( PReLU) ueWs

Qs,’uo

(2.16)
subjectto w € P.
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Note it depends on v, only through the set €2, ,,. With this in mind, notice that at each
iteration of Algorithm 1 we need an optimal solution (w41, vk+1) to (P-,, ). However,
solving (2.16) only yields an optimal solution uy;. Fortunately, from a given solution

ug+1 to (2.16) we can choose vy such that (ug1, vk, 1) is an optimal solution to (2.15)

as follows: let vk+1\95,% = TU]C+1|QE’UI€ and vy 1 Q, = max{e, Tuk+1|ngk }. Using this

choice, note that

Qs = {2 v () < e}
={r ey, : Tup(z) <e}

= Qe N{z € Q: Tupy(x) < e}

We call this simplification the SWEET-ReLLU algorithm. It is shown in Algorithm 2.
Due to compactness, the iterates {uy} have at least one accumulation point, which must
be a stationary point for (2.12) (Tao & An, 1997, Theorem 3). SWEET-ReLU can be
interpreted as a greedy algorithm that improves at each step the approximation over the set
(2. while neglecting the approximation outside (2. Intuitively, a point in €2 is neglected by
the algorithm as soon as it determines that it cannot belong to the sweet spot. Furthermore,
the sequence of sets generated by the algorithm are precisely an approximation for the
sweet spot as, in fact, S(uy) ~ (Qy. Additionally, initializing the algorithm with &
sufficiently large we have {2, = (2, making the choice of u irrelevant [here u, stands for
the first element of the sequence of solutions, not for the desired sound wave]. Finally, the
choice of {;} can be adaptive. For instance, ¢; can be selected as the p-th percentile of

Tuin,—1.
2.4. Implementation

We provide an implementation of SWEET-ReLLU for approximating a sound wave gen-

erated by a (pseudo) sinusoidal isotropic point source emitting at frequencies f;, ..., fx ;-
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Algorithm 2: SWEET-ReLLU
input: A decreasing sequence {¢;} of positive numbers with g > 1, N., N, € N,
ug € Wand Qy = Q2
set :N=N_.N,
for:=0,...,N.—1do
forj=0,...,N,—1do
kE=1iN,+j
Qk—i—l =N {ZE eQ: Tuk(x) < &Ti}
U4 solution to (Pge"Y)
end
end
return uy

The loudspeakers are modeled as equivalent (pseudo) sinusoidal point sources, i.e. we use
ny
alf) =S apee I
=1

in (2.1) for coefficients a;, € C and a fixed spectral localization parameter o < 1. Since
the signals are almost stationary, temporal masking is almost non-existent. This allows us
to define the threshold map 7" using van de Par’s spectral psycho-acoustic model (van de
Par et al., 2005). In this case, the filters in (2.8) are time-invariant. Thus, for van de Par’s

model we have
Bju(x) = / (@ — @) (f2)Pps, (f ) df

for
ps;(f,x) = ws, (/)
7 Ca+ [ |uo(f, ) Pwp, (f)df

The constant C'y > 0 limits the perception of very weak signals in silence. The weight

wp, is defined as wp, := |n7y;|*> where

loglo n(f) = 07710 — On’lf_o'g — Cng(f —3.3 X 103)2 + Cn,3f4
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with C,, o = 4.69, C,; = 18.2 x 10*, C,, 5 = 32.5 x 107" and C,, 5 = 5 x 107'% models
the outer and middle ear as proposed by Terhardt (Terhardt, 1979), and

9457 (f — f;)\° B
7i(f) = (H (ZISTB(]CJ')) )

models the filtering property of the basilar membrane in the inner ear at the center fre-
quency f;, where the Equivalent Rectangular Bandwidth (ERB) of the auditory filter
centered at f; is ERB(f;) = 24.7(1 + 4.37 x 1072 f;)~! as suggested by Glasberg and
Moore (Glasberg & Moore, 1990). The center frequencies f; are uniformly spaced on the
ERB-rate scale ERBS(f) = 21.4log(1 + 4.37 x 1073f). For n; center frequencies f;
we obtain n, maps B; that are combined with the integrating function V(by,...,b,,) =

—1+ Cyby + ... + Cyb,, for a suitable constant C'y > 0. The threshold map becomes

[a(f,z) = do(f, z)Pws,(f)df
Tu(z) ”O“I’Z Ca+ [ao(f, x)[Pws, (f)df

~ _1+C‘PZZ a(ff,x) = uo(f7, =) Pws, (ff)

e Catws(f)uolff, =)

where Y, = 2/47/26Cy and we used the approximation for (pseudo) sinusoidal signals

ny
/ Sl f, 2 df = 2720 S ()l (f7, )
/=1

when ¢ < 1. The constants Cy, and C4 are defined as suggested in (van de Par et al.,
2005). This considers the absolute threshold of hearing and the just-noticeable difference
in level for sinusoidal signals, which gives, Cy, ~ 1.555 and Cy ~ 4.481 when consider-
ing n, = 100 as the number of center frequencies, and f; = 20, f,,, = 10% as the first and

last center frequency.

To model the pain threshold we consider the experiments in (Knobel & Sanchez, 2006)
about the discomfort caused by sinusoidal signals. We interpolated the data in this study

using cubic splines with natural boundary (Quarteroni, Sacco, & Saleri, 2010, Section 8.6)
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Figure 2.2. Interpolation of the loud discomfort levels for sinusoidal sig-
nals given in (Knobel & Sanchez, 2006) by cubic splines.

to obtain a function 7p, as shown in Fig. 2.2. For the auditory filter associated to the j-th

frequency we define
pa, (f.x) = lwo,(f)/np(f)I*

To our knowledge, there is no standard reference for the spectral integration that deter-
mines the levels of discomfort or pain. For simplicity, we consider, as in the van de Par
model, a summing integrating function, but now with the center frequencies of the discom-
fort auditory filters equal to the sound frequencies f7,..., fr. Then, Il(qy,...,q,,) =
—1+Cnq1 + ...+ Chnq, e This is actually a conservative choice of II as this controls the

sum of the contributions of every frequency, instead of each one separately. Consequently,

we obtain

Pu(x) = —1+onz/|u 2)po,(f, 2)df

Q

(=1
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where the same approximation holds by the same arguments as before. Naturally, C]; = 1.

PEeLU) we discretize the integrals over Q. The following proposition en-

To solve (
sures that this approximation to the integral converges to the desired one under mild as-

sumptions. We defer its proof to Appendix B.

PROPOSITION 8. Suppose that that the statements (i) and (i) in Proposition 1 hold,
and that every K € {Kg,, ..., Kp, } satisfies
fie(t 1) i= sup | K(1,¥, 2)] € LA(R?).
2€Q
Then, foru € W, Tu € C(QQ). Furthermore, if ) is compact, T is uniformly continuous

over €.

Specifically, we discretize € using n, disjoint squares or cubes of side (|2 /nq)'/? for
d € {2,3}. To avoid spatial aliasing, we need at least 2 points per spatial wavelength
A\ = ¢,/ f for each frequency f of the source. This implies (|2|/n4)"/¢ < \;/2 whence
ng > (2/X)% 9. To ensure the method performs well, we typically consider a denser

discretization with at least 5 points per spatial wavelength.

2.5. Experiments

We perform two types of numerical experiments. First, we compare the performance
of our method with the state-of-the-art methods WFES, NFC-HOA and L?-PMM in terms
of the size of the sweet spot they produce. Second, we explore other applications of our
method related to sound field reconstruction. The setup for the numerical experiments
consists of an equispaced arrangement of 20 loudspeakers lying on a circle of radius 2.5
m and at 7/4 ~ 0.785 m from each other. The region of interest € is a concentric circle

of radius 2.4975 m (Fig. 2.4). The speed of sound is c¢; = 343 m/s.
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The SWEET-ReLU algorithm and the L?-PMM method were implemented in Python
3.8 using the CVXPY package (Diamond & Boyd, 2016; Agrawal, Verschueren, Dia-
mond, & Boyd, 2018) and MOSEK (ApS, 2019). The simulations of 2.5D NFC-HOA and
2.5D WES were done with the SFS Toolbox (Wierstorf & Spors, 2012). To compare the
results of these methods, we compare the size of the sweet spot as a fraction of the area ||
of 2. To compare the values of the threshold map 7 for u we use log(1 + T'u). Hence,
the sweet spot is the region where log(1 + 7Tu) < 0. Finally, we compare the Intensity

Direction Error (IDE), defined as

IDEu(z) = ! arccos ( I?(x) Tug(2) ) ;

™ [Tu(w)| [ Tuo(x)

where I is the time averaged acoustic intensity. For sinusoidal signals of frequency f* it

is given by (Williams, 1999, Section 2.3)

Tu(z) = %Re(u(f*,x)ﬁ(f*,@*)

where ¥’ is the velocity vector field of u.

2.5.1. Comparison with state-of-the-art methods

To compare our method with state-of-the-art methods, we perform two types of nu-
merical experiments. The first type consists of a sequence of instances where the source
moves progressively away from the center of the loudspeaker array, starting at 0 m and
ending at 15 m. Following the model in Section 2.4, the source is isotropic, and (pseudo)
sinusoidal with ff = 343 Hz. Hence, its wavelength is 1 m. When the source is inside
(2, its intensity selected so that the wave has an amplitude of 60 dB at 1 m of the source.
When the source is outside {2 we adjust the intensity so that the amplitude at the point
where the segment joining the center of the arrangement and the source intersects the ar-

rangement is 60 dB. This mitigates the effect of attenuation as the source moves away
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from the arrangement. A uniform discretization of 901 points was used for €2 at a distance

of at most 0.145 m, achieving more than 6 points per wavelength.

The second type considers the same source at a distance of 5 m from the center of the
array emitting a (pseudo) sinusouidal wave at different frequencies ranging from 50 Hz to
2000 Hz. To mitigate the issues due to non-convexity, we initialize SWEET-ReLLU with
the optimal solution obtained for the previous frequency value. A uniform discretization
of 20848 points was used for €2 at a distance of at most 0.03 m, achieving more than 5
points per wavelength in the worst case. For both types of experiments we have chosen ¢;
adaptively with percentile p = 90. The results are shown in Fig. 2.3. We see our method
generates a larger sweet spot than that generated by every other method over the entire
range of source locations and frequencies (Fig. 2.3a and Fig. 2.3b). When the source is
at 2.5 m, lying over the arrangement, the sweet spot equals €, as expected (Fig. 2.3a).
Furthermore, our method successfully attains the lowest average threshold value in most
of the instances. Although the performance degrades at very low frequencies compared to
other methods, it remains below the audible threshold (Fig. 2.3c and and Fig. 2.3d). This
shows that on average the SWEET-ReL.U algorithm does not produce large values of the

threshold map outside the sweet spot.

Table 2.1. Sweet spots as a fraction of €2 in Near field (NF) and Focus
Source (FS) instances.

[ SWEET NFC-HOA WFS L°-PMM |

NF  64% 32% 35% 0.7%
FS  48% 5% 0.02%  0.5%

To perform a finer analysis, we consider two additional instances: the near-field in-
stance, where the source outside the arrangement at 5 m of its center, and the focus-source
instance, where the source is inside the arrangement at 0.82 m of its center (Fig. 2.4). For
these experiments we have chosen ¢; adaptively with percentile p = 99. The sweet spots

generated by each method for each instance are shown in Fig. 2.6, 2.8, and their size is
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Figure 2.4. Experimental setup. (a) Near field setup. (b) Focus source
setup. (c) Multiple zone setup.

shown in Table 2.1. For the near field instance, the sweet spot generated by our method is

almost twice as large as that of the other methods. The sweet spot generated by NFC-HOA

(Fig. 2.6f) is centered, whereas that generated by WES (Fig. 2.6f) is localized farther away

from the source. This is consistent with the analysis in (Daniel et al., 2003). In contrast,

the sweet spot generated by our method (Fig. 2.6e) behaves like that generated by WES,

0010

0.000

-0.005

-0.010

Figure 2.5. wg for near field setup.
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Figure 2.6. Near field instance. Rows: (i) u, (ii) log(1 + Tu), (iii) IDE.
Columns: (i) SWEET-ReLU, (ii) NFC-HOA, (iii) WFS, (iv) L?-PMM.
but almost encompasses the one generated by NFC-HOA. In all cases the aliasing artifacts
appear roughly near the boundary of the sweet spot. This suggests that the principle be-
hind sound field reconstruction, i.e., to avoid physically noticeable artifacts, does ensure a
good monaural auditory scene. Our method exhibits less aliasing artifacts than the others.

This may explain the low average IDE values and small psycho-acoustic errors in Fig. 2.3.
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For the focus-source instance we strengthen the intensity of the source so that the wave
has an amplitude of 72 dB at 1 m of the source. The sweet spot generated by our method
(Fig. 2.8e) is almost 10 times larger than those generated by other methods. The sweet
spot generated by NFC-HOA (Fig. 2.8f) is contained in a circle with a radius equal to the
distance of the source to the center of the room. This is also consistent with (Daniel et al.,
2003). The sweet spot generated by WES (Fig. 2.8g) is almost empty as the resulting u has
large amplitude. This suggest that focus source formulation for WFS needs an amplitude
factor normalization. In contrast, the sweet spot generated by our method almost com-
prises the half of €) that faces the source. Furthermore, the artifacts are noticeable only
behind the source. This shows the advantages of the greedy strategy of the SWEET-ReLU
algorithm: during its first iterations it is capable to detect the direction of v, over {2 to
then prioritize the part of {2 where a good fit to u can be obtained. This is a possible
explanation for the almost empty sweet spot generated by L2-PMM both in the near field
(Fig. 2.6h) and the focus source (Fig. 2.8h) instances. This, together with the proximity
of the speakers, completely degrades its performance: the method attempts to minimize
the L2-error where it is largest, i.e., near the speakers. As a consequence, the resulting
u is small over (2. Finally, our method is efficient in the usage of the loudspeakers: the

acoustic wave u resulting from WEFS is uncomfortably loud around the source and near

H
4 0.04
0.02
3
0.00
-0.02
0.04

-0.08

Figure 2.7. ug for focus source setup.
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Figure 2.8. Focus source instance. Rows: (i) u, (ii) log(1 4+ Tu), (iii) IDE,
(iv) Sound level (dB). Columns: (i) SWEET-ReLU, (ii) NFC-HOA, (iii)
WES, (iv) L2-PMM.
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the active loudspeakers in the array, whereas that obtained with NFC-HOA u is uncom-
fortably loud in a large region outside a circumference concentric to ¢). Our method, in

contrast, produces a negligible discomfort region by construction.

2.5.2. Applications
2.5.2.1. The effect of multiple frequencies

We now study the effect of a source generating a superposition of (pseudo) sinusoidal
waves at ny = 4 frequencies f; = 400 Hz, f5 = 300 Hz, f; = 200 Hz, and f; = 100
Hz. Our goal is to study non-linear effects and their consequences on the sweet spot
found for each frequency separately, and that found by solving the problem for a multi-
frequency source. A uniform discretization of 9660 points was used for 2. Contiguous
points are at a distance of 0.04 m, achieving more than 19 points per wavelength in the
worst case. The results are shown in the Fig. 2.10. Observe the sweet spots generated over
Q cover 54.3% of ) for 400 Hz, 73.3% for 300 Hz, 85.5% for 200 Hz and 91% for 100
Hz. The sweet spot for the multi-frequency source covered 52% of (). In our standard
setup it is easier to generate larger sweet spots at low frequencies, and these decrease as
the frequency of the source increases. Furthermore, the sweet spots seem to be roughly
nested as the frequency increases. Interestingly, the sweet spot generated for the multi-

frequency source is comparable to that obtained at the highest frequency. This suggests

Figure 2.9. The effect of multiple frequencies: log(1 + 7'u) multi frequencies.



DocuSign Envelope ID: 38CFC6CA-781E-4C73-911C-83D4715CD6F5

54

5 5 5
0.010 0.010 0010 0010
4 4 4 4
0.005 0.005 0.005 0.005
3 3 3 3
0.000 0.000 0.000 0.000
2 2 2 2
-0.005 -0.005 ~0.005 -0.005
1 1 1 1
-0.010 -0.010 ~0.010 -0.010
0 0 0
o 1 2 3 a 5 3 4 5 3 4 5 3 4 5
0.010 0010 0.010 0.010
0.005 0.005 0.005 0.005
0.000 0.000 0.000 0.000
~0.005 -0.005 ~0.005 -0.005
-0.010 -0.010 -0.010 -0.010
0010 0.010 o010 0010
0.005 0.005 0.005 0.005
0.000 0.000 0.000 0.000
~0.005 ~0.005 ~0.005 -0.005
-0.010 -0.010 ~0.010 -0.010

Figure 2.10. The effect of multiple frequencies. Rows: (1) ug, (i1) v multi
frequencies, (iii) u single frequencies, (iv) log(1 4+ T'u) single frequencies.
Columns: (1) 100 Hz, (ii) 200 Hz, (iii) 300 Hz, (iv) 400 Hz.
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that, in general, the sweet spot generated by our method for a multi-frequency source will
be dominated by the frequency that is harder to approximate. This also yields insight into

the setups for which a large sweet spot may be generated for a multi-frequency source.

2.5.2.2. Multiple zone control

The problem of creating a sound scene in a zone while keeping another silent has been
extensively studied in the spatial sound literature, e.g. (Poletti, 2008; Wu & Abhayapala,
2010). Here we show our methods provide a solution to this problem. We consider the in-
stance shown in Fig. 2.4c where u is equal to 0 over the silent zone as shown in Fig. 2.11.
In the silent zone we fix a psycho-acoustic tolerance of 20 dB above the absolute threshold
of hearing, whereas in the zone for the sound scene, i.e., the sound zone, we keep the van
de Par model as before. Since the silence zone is 24 times smaller than the sound zone,
we balance the problem by choosing a non-uniform measure y that takes the value 24 over
the silent zone and 1 over the sound zone. A uniform discretization of 3274 points was
used for the sound zone and 332 for the silence zone. Contiguous points are at a maximum
distance of 0.075 m, achieving more than 13 points per wavelength. The results are shown
in Figs. 2.12. Our method generates a sweet spot covering 32% of the sound zone, and
97.5% of the silent zone. Also, Fig. 2.12¢ shows that the direction of the source is cor-

rectly reproduced inside the sweet spot in the sound zone. Inside the silent zone the IDE

0010

0.005

0.000

~0.005

-0.010

Figure 2.11. w for multiple zone setup.
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Figure 2.12. Multiple zone control. Rows: (i) SWEET, (ii) L*- PMM.
Columns: (i) u, (ii) log(1 + T'u), (iii) IDE.
is not incorrect but undefined. This indicates that the localization properties of the audi-
tory scene may be correctly reproduced as well. In contrast, weighted L?-PMM performs
poorly in this global multi-zone instance for the same reasons explained in Section 2.5.1
(Figs. 2.12d-f). It generates a sweet spot covering 1.7% of the sound zone and 27% of
the silent zone. This shows our method is flexible and can be used for global multi-zone

instances.

2.6. Discussion

Our results show the SWEET-ReLLU algorithm yields state-of-the-art results in stan-
dard numerical experiments. We believe the performance in these experiments is repre-
sentative of what we would observe when using more complex pyscho-acoustic models

for the hearing threshold and the loud discomfort level. A key component of our method
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is the threshold map 7'. Although its form is quite flexible, it does not account for spa-
tialization and other binaural effects. Extending the form of 7" to account for these effects
is the subject of future research. However, as it is shown in (Rumsey, Zieliniski, Kassier,
& Bech, 2005), the overall quality of a spatial sound system can be explained to 70% by
coloration or timbral fidelity, which can be characterized by monoaural effects, and 30%
by spatial fidelity, which needs to be characterized by binaural effects. Furthermore, our
experiments show that in some settings our method achieves a lower intensity direction
error, which is a proxy for the localization error, than state-of-the-art methods. Hence, it
correctly simulates the spatial properties of the auditory scene, even though we are not

explicitly enforcing it.

Although we have presented numerical results modeling the loudspeakers and the vir-
tual sources as isotropic pseudo-sinusoudal monopoles, we believe our method can be
readily implemented in real settings with non-trivial sound sources. For instance, rever-
beration, different radiation patterns for the loudspeakers, and other time-invariant effects
can be incorporated by modifying the Green’s functions (G;. For the representation of
the sound scene, due to the fine discretization of the region of interest required, it may
be also convenient to use an object based approach (Spors et al., 2013). In this case, the
target sound wave g is not measured with microphones, but instead is simulated when
the location of the sources and their audio signals are known. Our method may be com-
putationally expensive, as we need to solve a sequence of convex problems, precluding
its use in real-time applications. Nevertheless, our multi-frequency experiments show the
sweet spots nest as the frequency of a sinusoidal source increases. This suggests that
an heuristic could be developed to improve the performance for multi-frequency sources.
Furthermore, over a fixed instance, i.e. fixed room and loudspeaker arrangement, we may
be able to approximate the map ug — u from several simulated instances of pairs (ug, u).

Once approximated, the computational cost becomes negligible.
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Finally, although we have not fully developed a theory for the convergence of SWEET-
ReL.U, our experiments show that it converges in practice. Further analysis will be the

subject of future work.

2.7. Conclusion

In this work, we considered the sweet spot as the region where the a sound scene
is psycho-acoustically close to a desired auditory scene. Furthermore, we developed a
method that generates a sound scene that maximizes this sweet spot while guaranteeing
no discomfort over a spatial region of interest. In this method, the sweet spot and the dis-
comfort tolerance can be modeled within a flexible monaural psycho-acoustic framework.
We provided a theoretical analysis of the method, and an efficient algorithm, the SWEET-
ReLU algorithm, for its numerical implementation. Over isotropic pseudo-sinusoidal
monopole instances our method successfully generates a larger sweet spot than the most
common state-of-the-art sound field reconstruction methods. We believe our method is
a step towards a new paradigm for spatial sound reconstruction, bridging a gap between

methods based on psycho-acoustic principles, and sound field reconstruction methods.
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A. PROOF OF PROPOSITION 1

We prove some auxiliary results. First, we claim the map
Kpu(t,z) = / Kp(t, ', x)u(t', x)dt

where Kp satisfies the hypotheses, is continuous from W into WW. To prove this, fix
x € () and apply Young’s inequality for integral operators (Sogge, 2017, Theorem 0.3.1)

to obtain

/|ICBu(t,:L‘)|2dt:/‘/Kg(t,t’,x)u(t’,:v) dt’

from where it follows that ||/Cpu||w < Cgl||u||w and, in particular, zu € W. Second, a

2
dt < C%/|u(t,x)|2dt,

functional B of the form (2.8) is bounded. This is clear from the fact that
| Bu(z)| = / K (u — uo)(t,2)|* dt < Cllu — uolliy-
Third, for any 6 € [0, 1] it is apparent that
B(Ouy + (1 — Q)uz)(z) < 0B(u1)(x) + (1 — 0)B(uz)(x).

whence for almost every x the map u — Bu(z) is convex. Fourth, Bu is a measurable
function by Fubini’s theorem (Cohn, 2013, Theorem 5.2.2). Fifth, B is continuous on .

To prove this, let v = |Kpus| + |Kpui| + 2|Kpug| and w = Kpus — Kpuy and note that

Bus(z) — Buy ()2 < /|v(t,x)|2dt/\w(t,x)]2dt

where we used the identity |a? — b?| = |a + b||a — b

, the Cauchy-Schwarz inequality and

the triangle inequality. The first term is bounded, as
[ 10tt,2) de < 31l + 3 Kaualiy + 6Kl

< 3CE iy + lluallyy + 2lluolli).
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where we used the inequality (a + b + ¢)? < 3(a® + b* + ¢*). For the second, we have
/|w(ta$)|2dt < IKs(ur — ua)lliy < Chllur — ualffy

It follows that u; — ug in W implies Bu; — Bus in L>(2) whence B : W — L>(Q) is

continuous.

Proof of (i): We prove the result for n, = 2 for simplicity. Since ¥ in (2.9) is continuous
and each By : W — L*(Q) is continuous by our auxiliary results, 7" : W — L>(Q)
is continuous. Similarly, since ¥ is convex and non-decreasing on every component, for

every 6 € [0, 1] we have

T(Ouy + (1 — O)ug)(z) < U(Gvi1(z) + (1 — O)vy 2(x), Ova 1 () + (1 — O)vga(z))

< OTuy(x) 4+ (1 — 0)Tus(x)

where vy, ; = Bju;, proving the convexity of u — T'u(z) for almost every =. Analogously,

P is continuous and v — Pu(x) is convex for almost every z.

Proof of (ii): Note that W is measurable, because it is continuous, and so is Byu. Therefore,

T in (2.9) is measurable, and the set S(u) is measurable for any u € W.

Proof of (iii): We show that Wy is a family functions @ — L*() that is bounded,
equicontinuous, and defined on a separable metric space, whence, by Arzela-Ascoli’s the-
orem (Rudin, 1986, Theorem 11.28), is compact with respect to the uniform norm, which
coincides with the W -norm. Let 7, be the uniform bound on ||| 2. Consider the map
Q — L?(Q) given by x* — u, where u, denotes the function ¢ — u(t, z). Since each G,

is bounded on I. x Q) then

[t <oy [ @FGLR df
k=1 " "¢

Ns

<3 s (Gelf )Pl
k=1 (f,x)ElxQ
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whence x — u,, is uniformly bounded. To prove equicontinuity, fix € > 0. Since each G},
is continuous on the compact set I.. x €2, we can find § > 0 such that for any |z — y| < §

and f € I. we have |GL(f,z) — Gi(f,y)| < /n?y2.. Then

/ ult, ) — u(t, )P dt <0, S / PGS 9) — Gl df

< ng; -
MsVmax | s 2,2
TV max

showing not only that x — w, is continuous, but equicontinuous. We conclude Wy is

compact in W.

Proof of (iv): We omit details for brevity. The map P : W — L>(£2) is continuous by
the same arguments we used in the proof of (i). Then, since non-strict inequalities are

preserved under limits, P is closed.

B. PROOF OF PROPOSITION 8

Define the auxiliary variables

Ay =

/ Kp(t,t,2)(u(t ' 2) — ug(t ¢ ))dt
R

by = /KB(t,t’,y)(U(t,t’,y)—UO(t,t'yy))dt'
R

Then,

|Bu(x) — Bu(y)|?> < ( / (ar +bt)2dt) ( / (a; — bt)th>
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where we used the identity |a* — ?| = |a + b||a — b| and the Cauchy-Schwarz inequality.
For the first term, because of Cauchy Schwarz and Young’s inequalities we have

/(at + by)?dt = /afdt + /bfdt + 2 / a;bydt
3

/afdt + /bZdt +2 (/ dt) </ bfdt)

< Cllu — uolliy + Chllu — uollfy + 2CE|lu — uollfy

= (2Cp]lu — uollw)*
For the second term we have

2

/(at _ by)2dt < / '/ (1 2) (1 — o) () — Kt ') (u — o)y, )] dt!| dt

2

</ ' [ 1Rt 0)(= o)) = (0= o) |

+/](K3(t,t’,x) — KB(t,t’,y))(u—uo)(y,t')|dt’\2dt

2
dt

J/

</ ' [ 1B 0.0 = )t = (= ) )

-

()

[ f10atet.0) = Bttt )

(%)

2

dt,

J/

where we used the the triangle inequality, identity ab — ¢d = a(b — d) + d(a — ¢), and

Minkowski’s inequality. Now, because of Young’s inequality,

() 226 [ l(u = wa)(e. ) = (u — wo)(y,t) it
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Since u — ug € W, as shown in the proof of Proposition 1, the latter converges to O in the

limit z — y uniformly in the choice of u. Also, because of Cauchy-Schwarz inequality,

o) < [ ([ mateto) = Katetbar) ([ 1= w)no)par ) a
< Jlu = uolly (// |Kp(t,t',x) — Kp(t, 1, y)lzdt’dt); :

Now, note that

|KB(t,t/,ZE) - KB(tat/ay)|2 < |KB(t7t/7x)|2 + 2|KB(t7t,7w)KB(tvt/7y)| + |KB(t7t/7y)|2

< 4sup|Kp(t,t', 2)]*.
z€Q)

which means, by hypothesis, that the last integrand is dominated. Therefore, by Lebesgue’s
dominated convergence theorem we have that (xx) converges to 0 in the limit x — y. It

follows that Bu € C'(2). Since W is continuous we have that T'u € C'(2).
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