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Sommario

Questa tesi a ronta un insieme di problematiche attuali nell'lambito di elaborazio-
ne dei segnali audio tramite lo studio, rappresentazione, equisizione/costruzione e
uso delleinformazioni plenacustiche che catturano la scena acustica vista da diver-
si puti dello spazio. In particolare, per lamodellazione della propagazione acustica
I'informazione plenacustica prende la forma diinformazione di visibilita che cattura
le condizioni di visibilita di oggetti geometrici da diversi punti dello spazio. Questa
informazione viene usata per una e ciente ed accurata simuhzione della propaga-
zione di onde sonore in ambienti complessi. Per quanto riguda invece l'analisi
di scene acustiche l'informazione plenacoustica acquisita da una o piu schie di
microfoni viene rappresentata in forma di unimmagine plenacusticache cattura il
campo sonoro proveniente da diverse direzioni sui diversiynti dello spazio. Questa
immagine contiene un numero signi cativo di dettagli e informazioni sulla scena acu-
stica. Seguendo le leggi dell'acustica geometrica, l'inffmazione plenacustica viene
rappresentata in termini di raggi acustici in uno spazio pamametrico indicato come lo
spazio dei raggi La parametrizzazione adottata per descrivere i raggi acusi per-
mette un e ciente costruzione dell'informazione di visibi litd ed una facile estrazione
delle caratteristiche d'interesse dalle immagini plenacstiche. Regolarita e generalita
della rappresentazione in termini di raggi acustici rende 'informazione plenacustica
adatta ad una serie di possibili applicazioni.

Le applicazioni esaminate in ambito di questa tesi mostranda validita dell'ap-
proccio proposto sia per quanto riguarda la modellazione dia propagazione sonora,
sia per quanto riguarda l'analisi di scene acustiche. In paicolare, le applicazioni
discusse seguono lo scenario applicativo in cui un sistema dproduzione spaziale
di campi acustici basato su una o piu schiere di altoparlantisi trova ad operare



dentro un ambiente sconosciuto. Una sorgente sonora geneilacampo acustico e le
immagini plenacustiche catturate con una schiera di microbni vengono esaminate
per ricostruire la geometria dell'ambiente. Data l'informazione sulla geometria, i
percorsi acustici che collegano la sorgente con la schier@mngono calcolati tramite
una simulazione della propagazione di onde sonore. |l secdo algoritmo di analisi
confronta i percorsi simulati con le acquisizioni e stima i oe cienti di ri essione
di ogni singola parete ri ettente presente nella scena acuga. Il modello geome-
trico del campo sonoro viene ottenuto sfruttando l'informazione sulla geometria e
proprieta ri essive dell'ambiente ottenuti in precedenza. In ne, il sistema di ripro-
duzione usa questo modello per generare il campo acusticosiéerato compensando
allo stesso tempo le riverberazioni indesiderate dell'amiente che ospita il sistema.
Vengono analizzati i aspetti teorici, implementativi e le prestazioni statistiche
dei algoritmi proposti. La validita del approccio proposto va, tuttavia, oltre le
applicazioni discusse in questa tesi. E cienza, regolariti e generalita della rappre-
sentazione, insieme alla prospettiva di una sempre maggierdisponibilita di sistemi
basati su dei microfoni/altoparlanti integrati a basso cogo, rendono le idee svilup-
pate in questa tesi interessanti per una vasta gamma di posiili applicazioni tra cui
caratterizzazione e separazione delle sorgenti, estrafaaione del campo, ecc.



Abstract

In this thesis we address a fairly broad range of current audi signal processing
problems through the study, representation, acquisition/construction and use of the
plenacoustic datathat captures the acoustic scene as seen from dierent ponts
in space. In particular, for the modeling of acoustic propagation the plenacoustic
data takes form of the visibility information that speci es the visibility of geometric
objects from generic points in space. This information is ued for an e cient and
accurate simulation of acoustic propagation in complex enironments. As far as the
analysis of acoustic sceness concerned, the plenacoustic data acquired by one or
more microphone arrays is represented in form oplenacoustic imagethat captures
the sound eld coming from a given direction at a given point in space. This image
carries a great deal of information on the acoustic scene.

Following the laws of the geometrical acoustics, the plenamustic data is repre-
sented in terms of acoustic rays in a space here referred to dbe ray space The
adopted parameterization of the acoustic rays allows both a e cient construction of
visibility information and an easy extraction of acoustic features from the acquired
plenacoustic images. High regularity and generality make lhe ray space representa-
tion of plenacoustic data suitable for a variety of potential applications.

The applications examined in this dissertation show the vaidity of the proposed
approach for purposes of both modeling of acoustic propag&n and analysis of
acoustic scenes. In particular, the examined applicationg$ollow a speci ¢ scenario in
which an advanced spatial audio system aimed at reproducinghe desired sound eld
within a region of space is placed inside an unknown hostingr&sironment. First, an
acoustic source probes the environment and the plenacoustimages acquired by a
microphone array are examined in order to infer the geometryof the environment.

\



The modeling engine computes the re ective paths between th source and the array.
The modeled paths are then used by the second analysis algtrm that compares
them with the acoustic measurements in order to estimate there ection coe cients
of all re ective surfaces in the environment. Given the information on geometry and
re ection coe cients of the hosting environment, the model ing engine is used, once
again, to model the sound propagation inside such environm#. The rendering
system uses this information to reproduce the desired soundld by means of a
loudspeaker array while compensating at the same time for th natural reverberation
of the hosting environment.

Theoretical aspects, implementation issues and statistial performance of pro-
posed algorithms are analysed. The validity of the proposedapproach, however,
is not limited just to the presented applications. E ciency , regularity and gener-
ality of the representation, as well as the perspective of esn further availability
of inexpensive integrated microphone/loudspeaker arraysn near future, make the
proposed tools attractive for a wider range of possible apjtations including source
characterization and separation, wave eld extrapolation, etc.

Vi
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Chapter

Introduction

Environment aware (space-time) audio processing is an emerg-

ing eld of growing interest in the acoustic research commun ity.
An environment-aware system gathers information on the sur round-
ing acoustic enclosure, and uses it to improve the performan ce of
algorithms in speci c applications, or to perform tasks tha t would
not be possible otherwise. Under the hypotheses of validity of geo-
metrical acoustics, this information gathering process tu rns out to be
methodologically similar to that of image-based 3D scene re construc-
tion. We can therefore expect that further performance impr ove-
ments in space-time audio processing systems would come fro m gath-
ering information from a multitude of acoustic viewpoints ". This
can be achieved through the cooperation between multiple sp atially-
distributed acquisition systems and/or by employing spati ally ex-

tended microphone arrays.

In geometrical acoustics we approximate the sound eld with the
superposition of acoustic beams (bundles" of acoustic ray s). This
perspective needs be accommodated with a suitable mathemat ical
representation. This is why, in this dissertation, we propo se a novel
parametric space (here referred to as ray space") whose poi nts repre-
sent acoustic rays, and discuss its impact on a variety of app lications
in space-time audio processing. In particular, we show how a coustic
measurements are mapped onto the ray space and what conseque nces

this brings. We show that this representation turns out to be very ef-



1. Introduction

fective for collecting and organizing information on the ac oustic scene
(sources, re ectors, etc.), which simpli es the reconstru ction process.
In addition, the ray space turns out to be e ective not just fo r anal-
ysis purposes. In fact, the same domain can be used for repres enting
the visibility of geometric objects from generic points in s pace, which
in turn can be exploited for e ciently modeling the acoustic propa-
gation in complex environments, again in a fully geometric f ashion.
In this rst Chapter we introduce the motivations and the goa Is of
this dissertation. This Chapter, in fact, represents a road map for the
rest of the thesis and points out the connections, applicati on scenarios

and main ideas behind the developed algorithms.

1.1. Motivations

In modern multimedia applications, more and more frequently signal processing
algorithms are required to work together towards an objective. Examples are the
emerging audio signal processing techniques that exploitite knowledge of the world
that surrounds them to boost their performance and pave the vay for novel innova-
tive applications. In the past few years a number of these speze-time acoustic signal
processing methodologies have appeared in literature [1)JVe expect more and more
of these algorithms to emerge in the near future as the knowldge of environment that
hosts the acoustic system represents an important resourd®r e ciently addressing
the challenging tasks of future multimedia applications. Environment awareness is
a recurring theme of this work, which is addressed from two derent points of view.
In fact, environment awareness of acoustic systems means) practice, two things:

. Ability to observe the environment , i.e. to become aware of the geometric
(e.g. locations of acoustic sources and re ective surfacgand radiometric (e.g.
radiation patterns and re ection coe cients) properties o f the environment
that hosts the acoustic system and its own con guration within it;

. Ability to adapt to the observed environment , I.e. to use the information
on the environment to extract valuable data that can be expldted to improve
the performance of existing algorithms; to gather further insight on the impact
of the system within the hosting environment; and to perform tasks that go
beyond what is currently possible today (e.g. localizationand tracking of
sources that are beyond visibility).



1.1. Motivations

These requirements introduce the two main topics addresseth this dissertation:
analysis of acoustic scenesnd modeling of acoustic propagation While generally
addressed as separate topics in the literature, in advancedpplications e ective
solutions to such problems can be fruitfully employed in sinultaneous, synergistic
and cooperative fashion. Consider, for example, the folloimg application scenario:

The user purchases a new reproduction system based on a loymsaker array
for high- delity (home theater) sound reproduction. The sy stem is installed
in a room along with a number of other devices that incorporae a microphone
array (e.g. TV, PC, game console, etc.). The reproduction sgtem commu-
nicates with the other devices through a standardized inteface; probes the
scene with di erent acoustic stimuli; and collects the data captured by the
sensing devices. The collected data is processed and the @mmnment geome-
try is estimated. An integrated modeling engine uses the gdiered geometric
information to predict the reverberations coming from the di erent walls of the
environment. The simulations of re ective paths are compared to the measure-
ments in order to estimate the radiometric information of re ective surfaces.
Finally, the geometric and radiometric information, along with the simulated
sound eld, are used by the rendering engine to compensate aitor exploit ef-
fects of reverberations in order to generate the desired so eld within the
prescribed region of space. The result is the acoustic expience of a virtual
environment that is not corrupted by the natural reverberat ion of the hosting
environment.

In the near future we expect the above scenario and other sirfar ones to become
possible in everyday environments, thanks to the introducton of low-cost, small-
size sensors, emitters, signal handlers and processing glams. In fact, the great
challenge that we are called to face is to take space-time pagssing solutions outside
of controlled laboratory environments. Simplicity, ex ibility, and interactivity are
becoming increasingly important in modern multimedia applications. This means
that, in order to guarantee the desired level of interactionwith the user, new systems
must be designed to be easy to manage; autonomous; robust toise, interference,
estimation and modeling errors; and computationally e cie nt.

Traditional systems that employ a single microphone or smadlintegrated arrays
gather information about the environment as seen from just a single position in
space that not necessary corresponds to the position (or ag@ of interest for a speci c
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1. Introduction

application. This fact limits the reliability of the observ ation and, as a consequence,
the robustness of such systems. In order to obtain as much infmation as they can
about the acoustic scene and become truly environment awarehe acoustic systems
should observe the environment from di erent positions in gace, either combining
the data from di erent, spatially distributed systems as suggested in the previous
example, or employing a single spatially extended sensing/stem. However, in order
to be useful, all the information gathered by the sensors (whout losses) should be
collected, organized and represented in the same space in igh it can be displayed
in such a way that all the acoustic objects of interest in the aoustic scene are easy
to detect, recognize, discern and extract. All this needs tabe implemented without
giving up a certain exibility and e ciency. The system shou Id constantly monitor
the environment, localize and track sources, rapidly updag information and perform
simulations of acoustic propagation that on their hand allow the system to become
aware of the e ects that its actions produce inside the givenenvironment. These
requirements are typical of interactive multimedia applications but tend to severely
limit the range of possible solutions that can be adopted forthis goal. Therefore,
the success of future advanced audio signal processing sgsis will depend not only
on the performance improvements of single algorithms but ao on the integration
between analysis and modeling algorithms and the degree ofooperation between
di erent, spatially distributed systems.

1.2. Geometric representation of wave elds

At a rst glance, the analysis of acoustic scenes and the modmg of acoustic
propagation do not seem to share much in terms of scope and ragements. In
real world scenarios, however, they often coexist within tke same application and
interact with each other. The representation that we need toadopt, must keep this
need under consideration. We need a representation for theosind eld throughout
space that is suitable for addressing environment-awarerss issues and o ers e cient
tools for the development of multimedia applications. In other words, we need a
wave eld model that is e cient, exible, and treats geometr ic objects not simply as
a boundary condition but more like functional elements. This is why we resort to
geometrical acoustics [2], which (through the eikonal equéon?!) approximates the
acoustic wave eld with acoustic rays whose direction is nomal to the wave front.

1see Appendix A
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1.2. Geometric representation of wave elds

In a homogeneous medium (e.g. in-air propagation), rays prpagate as straight
lines; originate from acoustic sources; are re ected by thee ective surfaces; and
are collected by acoustic receivers.

Although not entirely physically accurate, the geometric (ray) representation of
the sound eld is very accurate when the wavelength is much sraller than the size
of geometric objects that interact with the wave eld, which is usually true when we
consider re ections from walls of an environment. This is wty geometric represen-
tations of wave elds are widely used in several areas. Typial examples are software
applications for architectural acoustics. However, geomieical acoustics is also used
for the analysis of acoustic scenes based on geometric corasits [3], [4], [5], [6], [7],
in rendering applications [8], [9], [10], etc.

We begin with de ning a suitable parameterization for the acoustic rays. The
resulting parametric space of the acoustic rays is here refieed to as ray space The
ray space representation of the acoustic wave eld, underling both the developed
modeling and the analysis frameworks, tries to link togethe and get the best of both
worlds. As far as modeling is concerned, ray acoustics is wally used for geometric
modeling [11], [12], [13], [14]. In this work, however, we géurther by exploiting the
e ectiveness of the employed ray space parameterization t@address performance is-
sues of the modeling stage, in terms of both accuracy and conmupational burden. To
this end we notice that during the propagation the acoustic rmays bounce back and
forth from geometric objects in the environment. As a consegence, getting an idea
on how the di erent objects see each other can help predicthow di erent rays will
propagate in the environment. Thesevisibility conditions are easily represented in
the ray space. Therefore we address the modeling problem tbugh the study, con-
struction and use of thevisibility data structure that e ciently encodes the visibility
conditions between the geometric objects that compose theaustic scenes.

The validity of the ray space representation of the acousticwave eld goes well
beyond the modelling purposes. The high regularity of the rg& space representation
of acoustic primitives makes it attractive for analysis purposes as well. Ray space
represents all the acoustic primitives of the environment n terms of acoustic rays.
A single sensing device measures the sound eld relative taipt a portion of acoustic
rays that propagate in the environment. Therefore, the di erent sensing systems
(microphone arrays), placed in a dierent positions in the environment, capture
di erent sets of acoustic rays. We could think to map these smtially distributed
(plenacoustic [15]) measurements into the ray space, i.e. Il the correspnding re-
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1. Introduction

gions of the ray space with data obtained from the measuremes, and than devise
tools that exploit the regularity of the ray space to extract missing pieces of infor-
mation. We call the ray space representation of the plenacaostic measurements the
plenacoustic image Then we formulate and address the analysis problems throuy
the study, acquisition and use of the plenacoustic images tht capture both geometric
and radiometric properties of the acoustic scene.

Although used with di erent purposes, the visibility infor mation and the plena-
coustic image turn out to be closely related as they share theame domain. In fact,
we will see that the visibility information used for the modeling of acoustic propaga-
tion in enclosures represents a special case of what we de s the ideal plenacoustic
image. This link between the two tools, developed for modetig and analysis pur-
poses respectively, is in accordance with the previously dlined application scenario.
In the next paragraphs we present the main ideas behind the wibility approach to
acoustic modeling and the plenacoustic representation of @ustic measurements;
then we outline the main contributions of the dissertation and its structure.

1.3. Visibility information and its impact on modeling

Geometric methods for modeling of acoustic propagation aréhe most widespread
in multimedia applications due to: their conceptual simplicity; good accuracy in
predicting the early reverberations; and computational e ciency when compared to
numerical methods [16, 17, 18] based on an approximate soion of the acoustic
wave equation on a nite grid [19]. Geometric methods compue re ective paths as
rays joining the image sources(wall-re ected versions of the acoustic source) and
the receiver. This group of methods is represented mainly by ray tracing; image
source; beam tracing; and variations thereof. A short desdption of each method
follows?.

Ray tracing method  [11, 20, 21, 22] casts a nite humber of acoustic rays
from the source; follows their propagation and interaction (re ections) with
the environment; collects rays passing through/near the reeiver.

Image source method [12, 23, 24] iteratively mirrors the acoustic source
with respect to all re ectors that constitute the environme nt; a visibility test

2see Appendix B for more details
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1.3. Visibility information and its impact on modeling

checks the feasibility of all image sources and the existercof acoustic paths
joining them with the receiver.

Beam tracing method  [25, 26, 27, 28, 13, 14, 29, 30, 31] groups rays in
compact bundles fpeamg originated from the same image source and falling
to (iluminating) the same re ective surface; beams bounceo the re ective
surfaces and split when the re ected bundle illuminates di erent re ectors; the
beam treedata structure contains the branching relationship between acoustic
beams; an e cient lookup procedure of the beam tree is used tond the paths
joining the image sources and the receiver.

When compared to other geometric methods, the beam tracing rathod is the
most general and the most e cient one in terms of accuracy andcomputational
burden. In fact, the beam tracing technique avoids the spatal aliasing problem
of the ray tracing method caused by the discrete sampling of ays (i.e. some im-
portant propagation paths could be missed by all sample rays It also avoids the
computationally-demanding visibility check of the image source method (i.e. all the
image sources should be tested favcclusion by all the potential obstacles). In fact,
the beam tracing procedure eliminates automatically, durng the construction of the
beam tree, the image sources that are never visible as the itative mirroring of the
source is done only with respect to re ectors that the beam egounters during the
propagation. In order to better understand the generality of beam tracing with re-
spect to ray tracing and image source, notice that both ray tracing and image source
methods consist of a series ofisibility-along-a-line checks (i.e. what is rst re ec-
tor that the ray meets? ; does the ray reach the receiver? ). On the other hand the
beam tracing method performs a number ofvisibility-from-a-point (image source)
evaluations and encodes them in form of beams. As a consequeEn the beam tree
represents e ciently the visibility of the geometric space from the source position.
While the construction of the beam tree is generally a compuationally demanding
task it does not depend on receiver position. Once the receév position is speci ed
the acoustic paths between image sources and the receiverdmt-to-point visibility)
represent a subset of the previously computed beam tree datstructure and can thus
be e ciently computed through a simple lookup procedure [14]. As we can expect,
for static sources there is no need to re-compute the beam teg therefore, unlike
most other methods, the beam tracing is suitable for real-tme operation when only
the receiver is free to move. However, performance issuesisge when the source is

7



1. Introduction

moving as this requires the computation of a new beam tree. Ircomplex environ-
ments there are usually many occlusions; occlusions causee&ims to split and the
beam tree to branch out" numerous times. As a consequencehe computational
e ort required for the construction of the beam tree makes the beam tracing pro-
cess suitable for real-time operation only for a limited setof simple geometries. On
the other hand, the interactivity of acoustic systems meansmainly the real-time
operation of the modeling engine. At the same time, for the aplications of interac-
tive virtual acoustics (e.g. immersive gaming, walk-through architectural acoustics,
etc.), the complexity of environments that we are required to deal with is increasing,
moving further and further away from the classic shoebox type of room. In order
to overcome these performance issues a number of optimizati techniques were pro-
posed in the literature. However, except for simple geometes, the computational
e ort of the beam tracing algorithm in general 3D environments remained unevenly
divided between the computationally demanding constructon of the beam tree and
the e cient tracing of the acoustic paths.

One could wonder, therefore, if it is possible to generalizeéhe procedure that
makes the beam tracing more e cient that the ray tracing and t he image source
methods, or, more speci cally:

Can we build a higher-order visibility data structure (visbility from a region)

that does not depend on source position but only on environmé geometry
(can be evaluated in an o ine phase) and makes it easy to compig the acoustic
beams in a similar way the beam tree makes it easy to computeaarstics paths?

The above question summarizes the idea behind the visibilit-based beam tracing
algorithm rst presented in [32]. In [32] this goal was achieved for 2D environments
and later extended to accommodate phenomena of di raction ad di usion in [10].
However, as it will be clear later on, the generalization of his approach to 3D
geometries was far from trivial, and it represents the rst important contribution of
this work.

Also notice that for the visibility-based beam tracing algorithm to work we need
a suitable parametrization that allows:

an e cient representation and computation of visibility in formation;

an easy extraction of beams once the source position is spem.



1.4. Plenacoustic image de nition, acquisition and analysis

To this end notice that the rays are used to specify the visibiity of objects from
di erent points in space, i.e.

De nition.  The object is visible from a given point in space if the ray degrting
from that point reaches the object without being occluded.

Furthermore, the main primitive of all the geometric modeling techniques (including
the beam tracing) is the acoustic ray and, thus, describing 4 the necessary infor-
mation as a function of acoustic rays seems an obvious choic& herefore, in order
to compute the visibility information and trace acoustic beams as they propagate in
the environment, the de nition of the ray space is extremely useful.

1.4. Plenacoustic image de nition, acquisition and
analysis

A number of acoustic measurements are performed in order toxtract a great
amount of information about the acoustic scene. For these ma&surements a number
of sensors (microphones) and emitters (loudspeakers andlotr acoustic sources) are
used. Acquired data is then processed by a variety of spaceste algorithms in or-
der to obtain the desired results. Intuitively, combining t he measurements obtained
with di erent systems in di erent positions in space can help improve the accuracy
and robustness of the existing algorithms (e.g. choosing # best measurement for
the given application or combining measurements in order toobtain more accurate
information) and even perform task that could not be possibk otherwise. In the
near future, with the availability of inexpensive integrat ed microphone arrays, the
collaboration between di erent, spatially distributed sy stems will become even more
compelling and give rise to new interesting possibilitiesn acoustical signal process-
ing. Sampling the sound eld from di erent positions in space, however, is just a rst
step towards these new opportunities. The acquired inform&on on the viewed scene
has to be collected and displayed in a space that shows a highedree of regularity,
to be exploited by space-time signal processing algorithms

As we sample the sound eld in di erent positions in space, the acquired samples
trace the shape of a spatio-temporal function. If we can undestand the properties
of this function and its relation to the acoustic primitives that compose the acoustic
scene we could Il the gaps and extract a great deal of information about the
acoustic scene. The function that de nes the sound pressureeld in all positions in

9



1. Introduction

space is known in literature as theplenacoustic function introduced in [15] as the
acoustic counterpart of the plenoptic function [33]. Although the plenoptic function
describes the optical wave eld intensity as a function of paition and direction
(plus time and wavelength), in [15] the plenacoustic functon was de ned as the
instantaneous acoustic pressure at given location withouthe directional information
as the longer wavelengths of acoustic waves make it di cult to measure. However,
as observed also in [15], this non-directional function carfbe turned into a directional
one using phase information. We think of the plenacoustic faction as a function of
position and direction:

De nition.  The plenacoustic function speci es the (complex) amplitu@ of the acous-
tic wave eld impinging at a given position from a given diredion.

As a consequence, we represent the geometric objects of inést and the spatially
distributed (plenacosutic) measurements in the parameterspace of oriented lines,
i.e. the ray space.

In this work we are interested in developing a plenacousticcamera, which is able
to take snapshots of the plenacoustic function and repre®nt it in the ray space
where its regularity can be exploited through signal procesing. Unlike plenoptic
(light eld) cameras, in the acoustic domain we cannot rely on devices for capturing
rays coming from a given direction. We will therefore use spee-time processing in-
stead, and cope with the resulting degradation with respecto the ideal plenacoustic
function. In particular, to map the measurements into the ray space we will use the
acoustic signals acquired with a number of small, compact narophone arrays. Us-
ing beamforming techniques, the arrays estimate the disthution of acoustic power
through the computation of a number of pseudospectra (the otput power of the
beamformer for each look direction) from positions that areuniformly distributed
over a line segment, which plays the role of window of obseration of the acous-
tic scene. These pseudospectra are then collectively remppd onto the ray space.
The ray space representation of (plen)acoustic measurem&nis similar to images
in optics, where each pixel represents a ray passing througlkhe pixel point and
the optical center. However, in our representation the acostic rays are not bound
to pass through a single acoustic center and, therefore, weilivcall plenacoustic
image the result of this mapping. The gray levels of this plenacoustic image are
the values of the pseudospectra corresponding to the rays #t cross the window of
observation.
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1.5. Plenacoustic data

As the microphone arrays sample the window of observation thy capture di erent
portions of the ray space corresponding to dierent views of the acoustic scene.
The high regularity of the ray space can then be used to extrac missing pieces
of information. We observe that the problems of environmentinference, source
characterization and separation, wave eld extrapolation, etc., could be formulated
and addressed through the study of the plenacoustic images.

1.5. Plenacoustic data

At this point it is interesting to point out the relation betw een the plenacoustic
image and the visibility information introduced before. Th e ray space acts as a basis
around which we construct both the analysis and modeling franeworks. Therefore,
the representation of the geometric primitives involved inthe analysis and modeling
processes is equivalent. The visibility information, congructed theoretically from
the model of the environment, can be seen as a special case deal (theoretical)
plenacoustic image in which the radiometric information has been ignored. In par-
ticular, the visibility information does not carry the info rmation on the amplitude
of acoustic rays, it just speci es the presence or absence ahys that encode the
visibility of geometric objects. The ideal plenacoustic image, on the other hand,
associate to each acoustic ray an amplitude in accordance tthe radiometric in-
formation of acoustic primitives involved in the propagation process (e.g. radiation
pattern, re ection coe cient). The real (acquired) pleana coustic image is a distorted
version of the ideal plenacoustic image due to non-ideal natre of the acquisition
process and equipment. We will see that, as in the optical imges, this non-ideality
is given by sampling and blurring. From the practical poin t of view the visibil-
ity information is a plenacoustic image with just two possible values: visible and
not visible; or equivalently, the plenacoustic image is a gayscale version of the
visibility information.

1.6. Main contributions

In this work we examine theoretical aspects, implementatio issues and statisti-
cal performance of the algorithms for the construction, acaisition and use of the
plenacoustic data intended here as both the visibility infaomation and plenacoustic
image. As the rst simplied case of the plenacoustic image,the importance and
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1. Introduction

the general validity of the visibility data is here proven by:

1. reformulating the 2D visibility-based beam tracing algorithm in an oriented
projective space;

2. generalizing the approach to general 3D environments.

The new parametrization of the 2D algorithm paves the way to ts extension to
general 3D geometries. In fact, the 3D algorithm requires tle use of a particular
type of coordinates de ned in an oriented projective space 34]. Furthermore, the
homogeneous parametrization of the 2D ray space makes it cgmatible with the
current environment awareness methods such as [35] and [5The new parametriza-
tion brings also a twofold advantage: no normalization and te ability to distinguish
rays with same direction but opposite orientation allow the representation of the vis-
ibility information to be re ector-independent; re ectio ns become linear projective
transformations (homographies). Generalization of the rg space and beam tracing
to 3D represents an important contribution and, although de ned mainly for 2D
geometries, the major part of application algorithms presated in this work can be
generalized for 3D environments using the new 3D ray space pametrization.

The use of the environment geometry for the construction of he visibility data
structure can be seen as a model-driven approach to the use tiie plenacoustic
images (Figure 1.1 (a)). In particular, the applications we examine in this work are:

1. modeling of acoustic propagation in enclosures (beam t@ng);

2. the use of the modeling engine to predict sound elds of bdt virtual environ-
ment, whose acoustic impression has to be reproduced, andaleenvironment
that host the rendering system, allowing the compensation 6 undesired re-
ections and the constructive use of re ective boundaries gesent in the real
environment.

The second step is to reverse the paradigm and use the same dam for analysis
purposes. Turning the problem around and de ning the plena®ustic image as a
powerful analysis instrument can be seen as a data-driven goach (Figure 1.1
(b)). Although the real (measured) pleanacoustic image repesents a sampled and
distorted version of the ideal (theoretical) plenacousticimage, it can be used for
extracting a signi cant amount of information on the acoustic scene, as evidenced
by a number of performed simulations and real world experimats. In particular, in
this work we focus on:
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Model 2D & 3D modeling
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source characterization
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Figure 1.1.: (a) Overview of the model driven approach and it s applications; (b) Overview of the data driven
approach and its applications.

1. localization of acoustic sources;
2. environment geometry inference.

It will be shown that the proposed parametrization maps the data acquired with
multiple observations in a space that is e ective at collecting and displaying informa-
tion on the acoustic scene as seen from di erent positionsin space. Contributions
of di erent objects can be fairly easily distinguished and etracted. The general-
ity of the representation is evidenced by the fact that both source localization and
geometry inference are performed in the same domain. The abgithms are easily ex-
tended for cases with multiple sources and re ectors. Furttermore, unlike the most
part of inference algorithms, the proposed approach allowshe estimation not only
of the surface on which the re ector lies [36], [37], [38], [9], [3], [40]), [4], [41], [5] as
typically addressed in the literature, but also of its extension in the case the edges
are acoustically visible by the microphone array.

We also consider the problem of acoustic re ection coe ciert estimation. We
pursue this goal through the use of both analysis and modelig tools. In particular,
the in-situ estimation of the acoustic re ection coe cient s of re ective surfaces is
performed through the matching between the measured pseudpectra, acquired by
a microphone array, and the simulated pseudospectra, obtaied using the modeling
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engine. Although the re ection coe cient estimation is per formed using the data
obtained from a single position in space, this simple acostic image can be seen
as a narrow version of the more general plenacoustic image. hErefore, the re ec-
tion coe cient estimation algorithm developed in this thes is shows e ectively that
the data captured by the plenacoustic image contains not on} geometric but also
important radiometric information about the acoustic scene. Finally, although not
part of this dissertation, we point out that the plenacoustic data can potentially be
used also for source characterization and separation, and ave eld extrapolation.
Currently the rst works are carried out in this directions.

1.7. Structure of the thesis

Analysis (Chapter 4) Applications (2D)

Parametrization
(Chapter 2)

_| Geometry
inference

2D Ray S
> pac< Modeling (Chapter 3) #Re_f- CO | Chapter 6
estimation

N 2D visibility-based BTK]
v v ™ Rendering|Chapter 7
3D Ray Spage 3D Visibility-based BT

2D Plenacoustic Imagegs Chapter 5

DY

\

Figure 1.2.: Outline of the thesis.

An overview of the structure of this dissertation is given in Figure 1.2. This
Figure is to be intended as a roadmap for the reader, showingannections and
relations between the examined applications and developetbols. As an example the
novel approach for the localization of re ecting boundaries and obstacles presented
in Chapter 5 makes use of the concepts and tools presented inh@pters 2 and
4; theoretical aspects and issues encountered when implemténg a fast acoustic
propagation simulator are addressed in Chapters 2 and 3; etcA brief description
of each Chapter follows.
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Chapter 2: introduces both 2D and 3D parametrization of the ray space ued
throughout the rest of the work;

Chapter 3: describes the developed 2D/3D visibility-based beam traaig
algorithm and its performance;

Chapter 4. examines the theoretical plenacoustic image and introduce its
array-based approximation for the 2D con gurations;

Chapter 5: presents algorithms for localization of acoustic sourcesral re-
ective surfaces and analyzes their statistical performarce (2D);

Chapter 6: focuses on the estimation of re ective properties of walls 2D);

Chapter 7: discusses the application of the modeling engine for renderg
purposes (2D);

Chapter 8: draws the conclusions and outlines possible future resedrcdi-
rections.

Each Chapter starts with a short overview, motivations and a brief summary of
the related works. The Chapters describe the representatio (Chapter 2), construc-
tion (Chapter 3), acquisition (Chapter 4) and use (Chapters 5, 6, and 7) of the
plenacoustic data. In particular, the applications addressed in Chapters 5, 6, and 7,
represent the single components of the wider application smario described at the
beginning of this Chapter. All the Chapters are written to pr esent and highlight
the original contributions of the dissertation and contain only essential background
information. For more details on the theoretical background the interested reader
can refer to the following Appendixes:

Appendix A:  derives the wave equation and its hight-frequency approxina-
tion that stands behind all the geometric modeling techniques including the
visibility-based beam tracing algorithm presented in the Chapter 3;

Appendix B: reviews the most common geometric techniques for the mod-
eling of acoustic propagation in enclosures and highlightsheir pros and cons;

Appendix C: brie y describes the beamforming techniques used in Chaptes
5 and 6;
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Appendix D: describes a beamshaping technique that can be used in the
rendering application presented in the Chapter 7.
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Chapter

Parameterization of acoustic rays

I n this Chapter we de ne a space of oriented lines. As a generic
point in this space corresponds to a ray in the geometric spac eitis
here referred as the ray space. In particular, for the parame trization

of the acoustic rays we resort to:

| 2D: homogeneous coe cients of lines;

| 3D: Plucker coordinates of lines.

Then we show how the geometric objects (more precisely their acous-
tical counterparts de ned in terms of acoustic rays) look | ike" in the

newly de ned spaces. In the next Chapters the ray space is use d for
the visibility evaluation, tracing of acoustic beams and ma pping of

the acoustic measurements.

2.1. Motivations

There are three main reasons for which we decided to represethe geometric
primitives and the acoustic measurements in the parametricspace of acoustic rays:

geometric modeling techniques approximate wave elds withrays;
rays are used for visibility computations;

acoustic rays constitute the domain of the plenacosutic fuktion.
17



2. Parameterization of acoustic rays

The eikonal equation' is a high-frequency approximation that substitutes the
acoustic wave eld with acoustic rays. Therefore, the acousc rays are used by the
geometric modeling methods for the modeling of acoustic pgpagation. These rays
interact with other geometric primitives during the propag ation in an enclosure:
they are originated from an acoustic source (e.g. a loudspéar), they encounter
obstacles (e.g. walls), re ect, and nally they are picked up by an acoustic receiver
(e.g. a microphone).

Moreover, the rays are used to specify the visibility of objets from di erent points
in space. In fact, two objects are visible if the line segmenthat joins them is not
occluded by any other object in the environment, i.e. if the ray departing from the
rst object does not intersect any obstacle during the propagation before reaching
the second object. In [32] a ray parametrization is used for lte purpose of de n-
ing visibility diagrams that combine into a data structure t hat can be iteratively
looked up for readily tracing beams of acoustic rays in enckures. Visibility dia-
grams describe which re ectors are hit by each one of the rayshat bounce o a
prescribed (reference) re ector. As a re ected ray can onlyoriginate from an im-
age source behind the re ector and pass through it, the visildity function of that
re ector describes which re ectors can be seen when lookinghrough the window
of observation" represented by the re ector.

The space of oriented lines (rays) represents the domain ohe plenacoustic func-
tion as well. In fact, quite symmetrically to its optical cou nterpart, the plenacoustic
function can be thought of as a parameterization of the soundeld, which is a
function that describes the sound pressure in every directin through every point in
space. This means that, in the case of a 2D geometric domaint, ¢an be written as a
function F (;x;y;t;f ) of direction ; position (x;y); time t; and frequencyf . In this
work the dependency on time and frequency will be kept hidderin order to simplify
the notation. Furthermore, we can safely assume that the acostic radiance remains
constant from point to point along a ray, which reduces the deyrees of freedom of
this function to two. This is, of course, true in the absence & propagation losses
due to absorption, etc. We recall that (in a homogeneous medim) an acoustic ray
is an oriented line that is inherently perpendicular to the acoustic wavefront (i.e.
collinear with the wave vector). A beam of acoustic rays orignating from an acoustic
source, therefore, identi es an in nite combination of in nitesimal planar wavefront
contributions. In geometrical acoustics (just like in optical acoustics) we can rely

1see Appendix A
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2.2. Related work

on the principle of conservation of radiance, which states that the acoustic radiance
remains constant along the ray. This means that a suitable pesameterization of the
sound eld is o ered by the acoustic rays. This is a signi cant advantage, as ray-
based representations have proven successful in various @ations of sound eld
analysis [3] and modeling [9], [32], [10].

Consequently, for an e cient representation of plenacoustic measurements, a
e cient encoding of visibility conditions, and an easy and elegant representation of
interactions between geometric primitives a workable parametrization of acoustic
rays is required.

2.2. Related work

In [32], for purposes of visibility computation and fast tracing of acoustic beams
in 2D environments, a parametrization based on the locationand the angular coef-
cient of the ray at the point of intersection with the refere nce re ector was used.
Here, in order to de ne the 2D ray space, we use the projectivgparamaterization
based on the parameters of the oriented lines that representhe acoustic rays. A
similar parametrization was used for visibility computati ons in [42, 43]. The transi-
tion to an oriented projective space [34] allows us to simpfiy the representation of
specular re ections and other transformations that are commonly encountered while
dealing with the propagation modeling and geometry inferere. In fact, we will see
that no normalization is needed; the ability to distinguish rays with same direc-
tion but opposite orientations make the representation of te visibility information
re ector-independent; and the re ections become linear piojective transformations
(homographies).

Furthermore, the new 2D parametrization paves the way for the extension to
3D geometries because the 3D algorithm requires the use of aagicular type of
coordinates de ned in an oriented projective space. In factfor the de nition of the
3D ray space we resort to the Plucker coordinates of lines [44[34], [45]. These
coordinates have rst been applied for visibility computations by Teller [46] to nd
lines passing through four other lines [47, 48], stab convepolygons [49], compute
the antipenumbra of an light source [50], etc. In this work we use the Plucker
coordinates to de ne the ray space representations of geontrgc primitives involved
in the acoustic propagation and interaction with the environment: the acoustic rays;
sources (e.g. loudspeakers); receivers (e.g. microphoieand re ectors (e.g. walls).
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2. Parameterization of acoustic rays

Although more complex than their 2D counterparts, these repesentations allow the
same ideas of the 2D visibility-based beam tracing to be apjd in the case of 3D
geometries.

2.3. 2D Ray space

A ray can be seen as an oriented line in the geometric space. Ank in 2D space
is represented by a linear equation

[1X + by + 13 =0; (2.1)

and can be parametrized with the line coe cients [l1;12;13]". This parametrization
de nes a class of equivalence. In fact, the coordinates aredmogeneous (scalable)
asl| = K[ly;12;13]", with k 6 0, represent the same line. However, rays have a travel
direction. In order to distinguish two rays lying on the same line (2.1) but with
opposite orientations we limit the range of the scalark to the positive or negative
interval

l1= Kllg;12;13]"; k> O;

I, = K[l1;12;13]"; k< O

Thus we de ne coordinates in an oriented projective spaceP? [34]. As a generic
point (l1;12;13) corresponds to a ray in the geometric space, the Euclideanpsice
(R®) spanned by such homogeneous coordinates of lines is calldte ray space (see
Figure 2.1).

Just for clarity of visualization, from now on, we depict the ray space represen-
tations of geometric objects that constitute the acoustic £ene in a reduced 2D ray
space obtained by intersecting the ray space with a prescried plane, as shown in
Figure 2.1 (b). The parametrization in [32] corresponds to he reduced ray space
obtained intersecting the ray space with a plane that excluaks from the representa-
tion the rays parallel to the re ector whose visibility info rmation is currently being
evaluated, and does not discriminate the rays laying on the ame lines but with
opposite orientations. The representation in [32] requirs the rotation and scaling of
the whole geometric space with respect to each re ector in tle environment. Instead,
the new parametrization allows a re ector-independent regesentation. Despite the
increase in the dimension of the ray space, the degrees-akédom, and therefore the
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Geometric Space

2.3. 2D Ray space

Ray Space

3 Reduced Ray Spac
Yl x+by+l3=0 = .
U E bl
/ @ [153/ K, k>0
il
X

(a) (b)

Figure 2.1.: (a) A ray in the geometric space; (b) In the ray sp ace a ray corresponds to a projective point,
here visualized as a line passing through the origin; the rep resentation of the ray in the reduced ray space
is obtained by slicing the ray space with the gray plane, yiel ding a point.

complexity of the problem, remains the same.

Geometric primitives We are now interested in how the acoustic primitives
involved in the propagation are represented in the ray space The geometric primi-
tives of interest are acoustic sources, receivers and re éars. Sources and receivers
are assumed to be point-like while re ectors are assumed to & planar. In order to
represent the relations and interactions between the acoui wave eld, represented
by acoustic rays, and other geometric primitives, we have tomap them into the
ray space. We do this representing all the geometric primitves as sets of rays that
intersect them.

2.3.1. Representation of a ray

As seen above we parametrize acoustic rays with (homogenesucoe cients of the
oriented lines they lie on. This parametrization de nes the ray space. An acoustic
ray in the geometric space corresponds to a half-line passinthrough the origin in
the ray space, or a point in the reduced ray space, as shown inigure 2.1.

Properties:

Using the line equation (2.1), a ray! is passing through a pointxa = [Xa;ya]"
with homogeneous coordinates<a = K[xa;ya:1]"; k> 0; if

X1l =0: (2.2)
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2. Parameterization of acoustic rays

Given two points, xa and xg, the two rays passing through them (going from
Xa to xg and from xg to Xp) are given by:

lar B = XA XB; 2.3)

g1 A = XB  Xa;

where indicates the vector cross product. In fact, given the propiety of the
cross product,xXlar g = X§la1 g =0and xilg1 o = Xglg1 A =0.

2.3.2. Representation of sources and receivers

Acoustic sources and receivers can be seen as points in gedritespace. A point
is identi ed in the ray space by the set of all the rays that pass through it. Using the
condition (2.2), the set of all rays passing through the poirt x o with homogeneous
coordinatesxp is

xa = fl 2 P?x 1 =0g: (2.4)

Thus a point (source or receiver) in the geometric space coesponds to a plane
passing through the origin in the ray space, or a line in the reluced ray space (see
Figure 2.2 (a)).

Properties: Being a hyper-plane,X, divides the ray space into two half-spaces.
This allows us to test the orientation of a ray with respect to the point as follows:
all rays that have the point on their left or right, with respe ct to the travel direction,
are given, respectively, by

= fl 2 P%jx}1 > Og;
X, = fl 2 P?jx 1 < Og;

>>4
I

(2.5)

as depicted in Figure 2.2 (b) and (c).

2.3.3. Representation of a re ector

In the geometric space the re ectorx poxg is a line segment completely de ned by
the two endpoints x o and xg. In the ray space we represent it with the set of all rays
that intersect this line segment. As each point of the line sgment maps to a plane
in the ray space (line in the reduced ray space), the re ectorcorresponds to the set
of all the planes (lines) representing the in nite intermediate points found between
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2.3. 2D Ray space

Geometric Space Reduced Ray Spac

Figure 2.2.: The orientation of rays with respect to a point i n the geometric space and their con guration
in the ray space: (a) rays passing through the point X in the geometric space lie on the hyperplane Xa
in the ray space; (b) rays that travel counterclockwise with  respect to the point x, in the geometric space

—

lie in the half-space X, in the ray space; (c) rays that travel clockwise with respect to the point x4 in the
geometric space lie in the half-space X, in the ray space.

the two endpoints. Exploiting the orientation relations (2.5), in a similar way we
de ned two rays for the same line, we can distinguish two ori@ted re ectors ﬁﬁ\lé
and ﬁf& , I.e. the two re ectors de ned by the same line segment but ctaracterized
by di erent directions of incident rays

RY = x,\ x5

- (2:6)
Rag = X\ X5

as illustrated in see Figure 2.3. The de nition of an oriented re ector will turn useful

during the evaluation of the visibility information. In fac t, in accordance with the

image source principle, when we evaluate the visibility of he environment from a

mirrored image source, we do not consider the re ectors in tle half-space where
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2. Parameterization of acoustic rays

Geometric Space Reduced Ray Spac

N
1€ %Al X5
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* (b)

Figure 2.3.: (a) A segment in geometric space identi es four classes of rays: those that cross the segment
in one direction ( 11), those the cross it in the opposite direction ( 14), those that do not cross the segment
and are oriented in accordance to the rst endpoint ( 12) and those that do not cross the segment and are
oriented in accordance to the second endpoint ( I3); (b) The regions of the reduced ray space corresponding
to such classes of rays are four quadrants given by the inters ection of four half-spaces de ned by the two
endpoints; the quadrants originate from the point ( Iag ), which identi es the line that the segment lies on.

the mirrored source lies. Therefore, the use of an orientederector is necessary for
correct evaluation of visibility conditions from such a mirrored image source.

Finally, the non oriented re ector Rag can be expressed in a closed form as the
union of two oriented re ectors that compose it, i.e.

= =) ; 5@
Ras = R [ RE: 2.7)

Therefore, the segmentx oX g is represented in the ray space as the set of rayR g ,
i.e. the intermediate region between the hyperplanexs and Xg, representations of
Xa and xg, respectively.

2.3.4. Representation of a beam

Although not a real geometric primitive but rather a combination of di erent
primitives, we present here the ray space representation ofhe acoustic beam. A
beam is a compact bundle of rays that originate from an acoust source and fall
onto a surface (re ector). It is completely specied by an origin (source) and by
the (connected) illuminated region of the surface. The surice can be completely
illuminated by a beam (Figure 2.4 (a)) or partially, as it is occluded (Figure 2.4
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2.4. 3D Ray space

(b)). In both cases it corresponds in the ray space to a part ofa source hyperplane
Xs limited by two points as shown in Figure 2.4 (c).

Geometric Space Reduced Ray Spac

X1

(b) (©)

Figure 2.4.: (a)(b) Examples of a beam in the geometric space ; (c) The beam in the ray space.

2.4. 3D Ray space

Extending the representation of geometric primitives from 2D to 3D space is not a
trivial task. In 2D we used rays to represent all geometric pimitives in the ray space.
In 3D we would like to do the same. However, while the increasen dimension of the
geometric space is 1, the degrees-of-freedom in the desdigm of a line (ray) increase
from 2 to 4. Being a at subset with dimension 1, a line in a three-dimensional space
is not a hyperplane, i.e. it does not separate the geometricpace in two half-spaces
as it does in 2D space (the 3D equivalent of a 2D line is a plane)As a consequence
the representation of rays in 3D becomes more dicult. Furth ermore, the visual
events are complex in 3D: the discontinuity surfaces in vidiility (e.g. boundaries
between total, partial and no visibility) are not necessarily linear nor convex. Similar
considerations are made in [51] and [52].

2.4.1. The ray space revisited

As in the 2D case we represent rays as oriented lines. The ontation of lines
helps us de ne other geometric primitives involved in the amustic propagation.

We can represent rays in 3D using the Plucker coordinates ofines [44], [34],
[45]. Given two points with Cartesian coordinates xao = [Xa;ya;za]" and xg =
[xg:ye;ze]", the Plucker coordinates of two oriented lines (rays) passig through
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2. Parameterization of acoustic rays

these points are 2 3
XB XA
l{ = k4 5: k>0
XA XB
3
XA  XB
l, = k4 S: k>0
XB XA

Thus the rays are de ned in a ve-dimensional oriented projective spaceP®. Fur-
thermore, from the above de nition a ray is given by
2 3
|d
=4 m 5 s:it: (IDHTI™ =0; (2.8)

where |9 is the vector given by the di erence between point positionsxa and xg
(displacement or directional part) and I™ is the vector given by their vector product
(moment or locational part). As a consequence not every poinin P°® correspond to
aray in R3, only those points that satisfy the constraint (I9)71™ =0, i.e. only those
points that lie on a four-dimensional ruled quadric surfaceknown as the Plucker
quadric 2 3

I3

I"TQl =0; Q=4 ° 5; (2.9)
I3 0

wherelsz is 3 3 identity matrix.

The Plucker quadric embedded inP® represents the ray space for rays in 3D
geometry. Note, however, that it is not possible to graphicdly visualize the four-
dimensional quadric in a ve-dimensional projective space Therefore, from now
on, to give an idea of con gurations in the ray space we make arillustration of
two-dimensional ruled quadric in a three-dimensional Eudidean space as depicted
in Figure 2.5.

2.4.2. Representation of a ray

As described above we parametrize rays with six coordinatess in (2.8). These
are homogeneous coordinates of a point i lying on the quadric surface (2.9) (see
Figure 2.5).

The second interpretation of Plucker coordinates is also pssible. We can represent
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2.4. 3D Ray space

Figure 2.5.: (a) A ray in the geometric space; (b) A ray in the r ay space.

a ray, permuting the order of coordinates, as
2 3
|m

-4 5.
P 05 (2.10)

and interpret it as a hyperplane in P°. The use of these two representations, (2.8)
and (2.10), allows us to represent the relative orientatiors of rays as shown in Figure
2.6. We can test the orientation of rays, represented inP° using (2.8), with respect
to a ray |1, represented inP® using (2.10), by testing on which side of the hyperplane
¢, they are found. Rays that lie on®; in P® intersect (or are parallel, i.e. intersect
at in nity) the ray 14 in R3. With this consideration at hand it is interesting to
observe that the Plucker condition (2.9) states simply that a ray intersects itself, i.e.
ITQI =¢"I =0.

2.4.3. Representation of a re ector

In a similar way we de ned an oriented re ector in 2D with constraints on a
correct orientation of rays with respect to re ector's endpoints, we de ne a re ector
in 3D with constraints on a correct orientation of rays with r espect to re ector's edge
lines. A comparison between the representations of a re edr in 2D (depicted this
time in the complete ray space) and a re ector in 3D (illustrated in a simpli ed 3D
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2. Parameterization of acoustic rays

Figure 2.6.: Orientation of rays in the geometric space and t heir con guration in the ray space.

representation of the ray space) is shown in Figure 2.7. Whé the re ector in 2D is
always de ned by two endpoints, the re ector in 3D can be de ned by an arbitrary
number N of edgese; (three for a re ector shown in Figure 2.7 (b)). Furthermore,
in 3D one more constraint has to be added: the Plucker condittn. As a consequence
the re ector in 3D space is given in P° by the intersection of N half-spaces de ned
by hyperplanes e; (this ensures that rays that de ne the re ector have the right
orientation with respect to edge rayse;, i = 1;:::N) with the Plucker quadric (this
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2.4. 3D Ray space
ensures that points in P° correspond to real rays inR3), i.e.
R=1fl12P%eI1B;0;i =1;::;N;I1TQl =0g; (2.11)

where "Bi" can represent either >" or "<" depending on the orientation constraint
with respect to the edgee;.

X110

(b)

Figure 2.7.: (a) Re ector in 2D and its representation in the ray space; (b) Re ector in 3D and its repre-
sentation in the ray space.

2.4.4. Representation of sources and receivers

Point-like sources and receivers are identi ed, once moreby the set of all rays
that pass through them. However, given a point with Cartesian coordinatesxp =
[xp:yp;zp]", itis not straightforward to constrain a generic line |, represented using
Plucker coordinates, to pas troughxp, as it was in 2D case. The pointxp and the
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2. Parameterization of acoustic rays

line | are de ned in two di erent spaces, and therefore they cant speak” to each
other directly. However, we can constrain a rayl to pass throughxp by constraining
it to intersect three non-coplanar lines, |1 I, I3, all passing through the point xp,
ie.

$11=0; €1=0; ¢]I=0:

As a consequence the ray belongs to the null space ofL = [$1;%,;%3]". Choosing
three perpendicular lines, each parallel to one main axex, y and z)

2 3 2 3 2 3

X1 X X2 X X X
=4t P =477 TP -4 TP
Xp X1 Xp X2 Xp X3

l1

wherexy = [Xp +1;yp;zp]", X2 = [Xp;yp +1;2p]", and X3 = [Xp;yp;zp +1]T, we
have 3
yo 1 0 0

2
0 Zp
|_:§ z O xp 01 Oz:
yp xp 0 001

Supposingxp ;yp;zp 6 0, a basis for the null space ofL is given by

2 3

0 1=zp Xp=2Zp

1=xp  yp=(Xpzp) Yp=2p
0 0 1

Up = : (2.12)

Zp=Xp Yp =Xp 0
0 1 0
1 0 0

Note that an equivalent representation can be found in case laove conditions on
Xp;Yp;zp are not met. The ray | belongs to the vector space spanned by vectors
Up =[uq;up;us], i.e. it can be written as a linear combination

| = uja; + usapx + uszaz = Upa; (2.13)
wherea = [aj; ay;a3]". Notice that Up(ka) = k(Upa) = ki, i.e. the coe cients a

are three homogeneous coordinates that specify a point on thprojective plane P2.
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2.4. 3D Ray space

Furthermore, from (2.12) it is not di cult to verify that

ufQu; =0; i;j =1;2,3;

P, P
=) I"Ql =", 7, aaulQu; =0;

or, equivalently, each ray| given by (2.13) lies on the surface of the Plucker quadric
(2.9).

Finally we can state that the point xp (acoustic source or receiver) is given by
the set of all rays that pass through it, i.e. by the plane (spaaned by (2.12)) that
lies completely on the surface of the (ruled) Plucker quadic embedded inP>, i.e.

xp = fl 2 PSjl = Upa;a 2 P%qg: (2.14)

2.4.5. Representation of a beam

We recall that a beam is a compact bundle of rays that originae from an acoustic
source and fall onto a re ector. In the ray space it is represated by a portion of the
source's projective plane (2.14) limited by a number of hypeplanes corresponding
to edgese; that limit the beam (re ector edges and/or edges that limit t he visibility
of the re ector). When compared to the beam in 2D the increasein dimensionality
is just one despite the ray space is de ned irP® instead of P? (recall that in 2D the
beam was a projective line limited by two points).

For purpose of determining the edges that limit the beam we ca reduce the
complexity (dimensionality) of the task by projecting the hyperplanese; from P°
onto the projective plane P? de ned by coe cients a that specify lines passing
through the source (see (2.12) and (2.13)). The projectiond performed as follows

g 1 P°! P?

(2.15)
ei=gr(e)= Upej;

where Up is the matrix in equation (2.12). Using the coe cients a and projections
e; we can still test the orientation of the ray | with respect to the edgee;, in fact
ell=eUpa=(Ule)Ta=¢la.
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2. Parameterization of acoustic rays

2.5. Conclusive remarks

In this Chapter we presented the parameterizations for both2D and 3D ray spaces.
The ray space is a parametric space of acoustic rays, i.e. dapoint in the ray space
corresponds to a ray in the geometric space. The geometric pnitives that compose
the acoustic scene are represented in the ray space as setsrays that intersect
them. In the 2D ray space each geometric primitive is represged by a number of
linear constraints. In the 3D ray space the geometric primiives are represented by
a variable number of linear constraints and one quadratic castraint.

In the following Chapters the ray space representation of agustic primitives will
be used for both modeling and analysis purposes. As far as meling is concerned,
we will use the ray space representation of acoustic primities, in particular that
of the oriented re ector, to compute the mutual visibility b etween all re ectors in
the environment. Successively this visibility information will be used for an e cient
tracing of acoustic beams in the ray space.

For analysis purposes we take the opposite approach, i.e. stead of using the ray
space representation of known acoustic primitives to modean unknown sound eld,
we map the acquired acoustic measurements in the ray space drthan we use this
data to extract information about the unknown acoustic prim itives. Working in the
ray space, in which we known how the acoustic primitives shold be represented,
helps us detect, identify and extract the desired information.
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Chapter

Modeling of sound propagation in the
ray space

his Chapter describes the construction of the visibility data s truc-
T ture and a beam tracing method for modeling of acoustic prop-
agation in complex 2D/3D environments, which exploits the i nfor-
mation on mutual visibility between re ectors to speed up th e com-
putation of the acoustic beams. The visibility information depends

on the environment geometry only and is thus evaluated in an o -

line phase. The use of the visibility data structure helps li ghten the
computational burden of the beam tracing phase as all occlus ion han-
dling is performed in the visibility precomputation stage. In practical

terms this means no occlusion handling is needed during the b eam
tracing phase and, similarly to the path tracing phase that c onsists
of checking if the acoustic path is a part of a given beam, the b eam
tracing consists of checking if the current beam is a part of t he given

visibility region.

3.1. Motivations

The acoustic room simulation nds applications in di erent elds. Some classical
examples are: video-games and other virtual reality appliations; building acous-
tics software; and music processing. However, the importate of predicting the
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3. Modeling of sound propagation in the ray space

reverberations within an environment is non limited to just these areas. Recently a
number of acoustic signal processing algorithms aimed at gtoiting the knowledge
of the environment appeared in literature [1]. Such methodsuse the propagation
modeling engine to compute the early re ections and devise échniques to: model
the sound eld of a virtual environment that has to be reproduced by a loudspeaker
array [8], [9], [10]; compensate and exploit e ects of revdserations in rendering ap-
plications [53]; use the energy of re ective paths to estimge the re ection coe cients
of walls within the environment (see the Chapter 6); etc.

In fact, as the beam tracing method computes acoustic beamg turns out to be
suitable not just for the binaural rendering, where the userexperience is designed
to produce the accurate impression of the acoustic scene froa pre-de ned location
in space, but also for the rendering of a sound eld in a regionof space. The beam
tracing geometrically computes the visibility of image souces from an entire region,
which is the information that can be exploited by a rendering engine to enable
an iterative rendering experience. In fact, interactivity of the rendering experience
heavily relies on the possibility to spatially explore th e acoustic scene by moving
in it and, in doing so, we experience occlusions of virtual aarces as a natural way to
understand and interact with the environment. An extreme example of this is the
ability to navigate in complex environments on the part of vision-impaired people.

3.2. Related work

As pointed out previously, the computational e ort of beam t racing algorithm
is unevenly divided between the beam tracing and paths tragig phases. Di erent
solutions were proposed to address this problem and accelde the construction of
the beam tree. In [14] the Binary Space Partitioning (BSP) technique was used
to divide the geometric space into convex regions. During tle construction of the
beam tree a beam is tested for incidence only on the re ectorsf the current region
and successively, if not completely occluded, the beam is ppagated into the next
region. This procedure avoids testing all possible re ectos at each iteration. The
BSP technique is very popular for visibility preprocessing[54], [55] and was used not
just for beam tracing but also for visibility tests in image-source methods [56]. How-
ever performance issues are still present for moving sourse In [31] the beam tree
is constructed without accurate visibility calculations. Therefore the path tracing
phase requires occlusion checks similar to those in the imagsource method, but the
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3.3. Problem formulation

construction of beams keeps the number of generated image waes under control.
This acceleration technique allows modeling of moving sowes in simple environ-
ments. Frustum tracing [57], [58] casts a nite number of smadl beams (frusta) from

the source and propagates them through the environment sinharly to rays in the ray

tracing method. No accurate visibility computations are done - if needed the frusta
are subdivided into smaller ones to minimize the error. Thismethod is a combina-
tion of ray and beam tracing methods: it is generally much fager than beam tracing

method and minimizes the aliasing problem of the ray tracingmethod. While suit-

able for real-time operation in generic 3D environments thefrustum tracing su ers

from inaccuracies in the modeling of acoustic paths.

In this work we are interested in gaining speed in the constration of the beam
tree without sacri cing the accuracy of the beam tracing technique. Unlike [31] that
postpones the visibility computation to the path tracing ph ase (the point-to-point
visibility is more easily handled than the visibility from p oint) we anticipate the
visibility computation in a phase that precedes the beam tracing. This obviously
means handling a higher-order information and a more di cult problem to solve,
but at this point it does not depend on source position and canbe computed in
advance. The BSP can be seen as a type of visibility precompation as it determines
the potentially visible set of re ectors for the beam in a given cell. However, this
visibility information is not complete nor exact and visibi lity computations are still
necessary during the beam tracing phase. In this work we areterested in computing
a visibility information that releases the beam tracing phase from any occlusion
handling and transforms it in just a series of intersection tsts with regions of the
new visibility data structure.

3.3. Problem formulation

At each iteration of the beam tracing procedure the beams arere ected with
respect to re ectors they encounter rst during their propa gation. Therefore, the
re ected bundle of rays has the origin (image source) behindhe re ector that caused
the re ection to occur and all its rays intersect the re ecto r of origin. Furthermore,
the re ected bundle of rays is subdivided into sub-beams, eeh falling onto a di erent
re ective surface. Consequently, each beam represents a Bset of the re ector-
to-re ector visibility region. Therefore, the visibility information su cient for an
e cient tracing of acoustic beams is the mutual visibility a mong all re ectors in the
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3. Modeling of sound propagation in the ray space

environment. A general overview of the visibility-based bem tracing algorithm is
shown in Figure 3.1 with illustrations depicted in a 2D case.

Visibility Environmen
(@ |
evaluation geometry
i Visibility information
Y
(b) Beam Tracingl« S°Ur¢®
, position
X Acoustic beams
Y .
(c) Path Tracing [« Receiver
position
I
Xs! i Acoustic paths

Figure 3.1.: The visibility-based beam tracing algorithm: (a) evaluation of mutual visibility between re ec-
tors; (b) tracing of acoustic beams as they bounce and split d uring the interaction with the environment;
(c) tracing of acoustic paths between source and receiver.

Visibility evaluation The geometry of the environment is used for the evalua-
tion of the mutual visibility between all re ectors in the en vironment. In particular,
the visibility information is encoded using a suitable representation, which leads to
the de nition of an e cient visibility data structure descr ibing all the rays re ected
from a given wall. With reference to Figure 3.1-(a), the visbility of the re ector R»
from the re ector R is de ned as the set of rays passing through bothR; and R».

Beam Tracing  Given the source position X g, the beam re ected by R can be
thought as originated from the image sourcex so as shown in Figure 3.1-(b). The
re ected beam is therefore a subset of rays going fronR; to R, and can be computed
e ciently by a lookup of the visibility data structure. This procedure continues
iteratively as beams continue bouncing o the re ectors in the environment. During
the interaction with the environment, beams split and branch. Some beams fall
onto other re ectors, others continue to in nity as depicte d in Figure 3.1-(b). The
beams are organized in a beam tree data structure that contais the branching
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3.4. 2D Algorithm

relationship between acoustic beams and e ciently represeats the visibility of the
geometric space from the source position.

Path Tracing  Given the receiver position X p, the acoustic path between source
and receiver can be seen as a ray joining the image source arftktreceiver (see Figure
3.1-(c)). Therefore, the path tracing is performed e cient ly as a lookup of the beam
tree, i.e. testing for the presence of the receiver inside # nodes (beams) of the
beam tree data structure.

All the outputs of three main steps of the visibility-based algorithm are based on
rays as the elementary primitive: mutual visibility between two re ectors is de ned
by the set of rays intersecting both re ectors without being occluded; beams are sets
of rays departing from the same real/image source and fallig to the same re ector;
acoustic paths are rays joining the sources and the receiverAs a consequence, the
use of the ray space for the representation and computation fovisibility information
and extraction of acoustic beams, turns out to be very useful

We describe now the representation and organization of the igibility information,
then we concentrate on the use of the described visibility d& structure for an ef-
cient tracing of acoustic beams. A detailed description of all the implementation
issues can be found in literature, and it is not discussed heras it goes beyond the
scope of the dissertation. For comprehensive surveys of \islity computation algo-
rithms see [59], [60], [52]. For the 2D algorithm refer to theprevious implementation
in [32]. An algorithm for the visibility computation in the p rojective 2D ray space
can also be found in [43]. Unlike the visibility evaluation for 2D environments, the
visibility evaluation for generic 3D environments is not a linear problem anymore.
Consequently this is a more challenging problem. Note howear that the visibility
evaluation is a pre-processing operation and therefore its not time-critical. For
visibility culling algorithms in Plucker space see the appoaches described in [61]
and [42] and further improved in [62], [63], [64], [65] and [6].

3.4. 2D Algorithm

In this section we present the 2D algorithm. While it has a minor impact com-
pared to the 3D algorithm, we present it before as it is a necesary step for correct
understanding of the 3D algorithm. Notice also that the 2D algorithm can easily be
applied to a speci c type of 3D environments de ned as the Catesian product of a
2D and a 1D environment (e.g. environments described by veital walls ending in
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3. Modeling of sound propagation in the ray space

perpendicular oor and ceiling) as described in [32].

3.4.1. Visibility information

The visibility information is used for speeding up the tracing of acoustic beams as
they bounce around in the environment. The re ected beams ae originated from an
image (mirrored) source. In accordance with the image souk principle, when we
evaluate the visibility of the environment from a mirrored source, we do not consider
the re ectors in the half-space where the mirrored source ks. Here the de nition of
oriented re ectors (2.6) turns to be useful.

Visibility region All rays originated from a re ector Rag (given by the line
segmentx pXg) falling onto re ector Rcp (given by the line segmentxcxp) form
the visibility region of Rcp from Rag , indicated asV(Rag ;Rcp). In the ray space
this visibility region is given by the intersection of corresponding oriented re ectors
(2.6), i.e.

V(Rag;Rcp)= Xx\ Xg \ Xg\ Xp

As a consequence the visibility region is formed in the ray sace by the intersection
of four half-spaces as shown in Figure 3.2.

Geometric Space Reduced Ray sps
N * R &

Figure 3.2.: (a) All rays originated from are ector ~ Rag falling onto re ector Rcp form the visibility region
of Rep from Rag ; (b) The intersection of four half-spaces forms a visibilit y region in the ray space.

Visibility diagram If the environment is composed by more than two re ectors,
mutual occlusions may arise. This corresponds to an overlgmng of visibility regions
in the ray space. The resulting collection of visibility regions (overridden according to
the front-to-back order of re ectors) constitutes the visi bility diagram of the re ector
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3.4. 2D Algorithm

Rag, D(Rag) = fV (Ras;Rj) 6 ;g, where R; are the re ectors visible by the
re ector Rag and indicates that visibility regions have been overridden acording
to the front-to-back order (see Figure 3.3). As an example, iyen a re ector Rgr
occluded by the re ector R¢cp, we have

V (Rag;Rer) = V(Rag;Rer)  V(Rag;Rcp)\V (Rag;Rer)

Thus, the construction of a visibility diagram requires a subtraction of occluded

Geometric Space Reduced Ray space

Xg G (Rg )

@) (b)

e G
(RAB ’B'_E. E(EAB _’IB:: A+,B-,C-,E+

€ (Re * (Rag & = A+,B-.C+,D-
* Rag & ) =null

Figure 3.3.: The collection of visibility regions, overrid den according to the front-to-back order of re ectors,
constitutes the visibility diagram of the re ector Ras -

portions of visibility regions, i.e. adding of new constrants, removal of redundant
ones and possibly the splitting of a visibility region. An example of construction
of the visibility diagram from individual visibility regio ns is shown in Figure 3.3
(b). The tree in Figure 3.3 (c) shows the decomposition of thevisibility diagram
into overridden visibility regions The construction of a visibility diagram depends
only on environment geometry and thus it can be computed in ano -line phase,
i.e. before the source or receiver positions are specied. iRkally, the collection
of visibility diagrams of all the re ectors gives us the information on the mutual
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3. Modeling of sound propagation in the ray space

visibility between all re ectors in the environment.

At this point it is important to stress the fact that all the oc clusion handling
is performed at this stage. In the following beam tracing staye, beams are tested
just for the intersection with the leaf nodes of the visibility diagram: interactions
between re ectors do not need to be taken into account; the reectors that are never
visible from the re ector that originates the beam are not considered at all as they
are already classi ed as invisible.

3.4.2. Beam tracing

The visibility conditions cause the splitting of rays originating from an image
source into beams. With reference to Figure 3.4, we show how evuse visibility
diagrams, which encode the mutual visibility between re edors, to iteratively trace
beams. For each beam that falls onto a re ector we perform thefollowing steps:

Figure 3.4.. (a) Re ection of the beam in the geometric space ; (b) Beam subdivision in the ray space; (c)
New beams in the geometric space.

Step 1. Compute the re ected bundle of rays let us consider, for example, the
re ection of a beam by onto the re ector Rag, shown in Figure 3.4 (a). We rst
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3.4. 2D Algorithm

compute the re ected bundle of rays k. This is done mirroring the beam's source
X s and the two edge rays that limit the beam, |11 and |, with respect to the re ector
line Iag using the re ection matrix M A8 [67]

xso= MABxg: IO:det(MAB)(I\gAB) TI3

|/_\B|T I2 0
MAB - G AB . — .
—ls g 6= >

AB AB 0 O

laAB = XA XB;

where T indicates the the transpose of the inversé;

Step 2: Split the re ected bundle of rays into sub-beams after obtaining the
re ected bundle of rays K the splitting process is accomplished in the ray space by
intersecting the re ector's visibility diagram, D(Rag ), with the ray space represen-
tation of kP, EO, as shown in Figure 3.4(b). TheﬂO is made of a number of segments,
each lying in a di erent visibility region. These segments represent the sub-beams
originated from the splitting of K. The corresponding beams in the geometric space
are depicted in Figure 3.4(c). Some of them proceed to in niy, others are blocked
by re ectors and therefore they originate new beams;

Step 3: Add new beams to the beam tree data structurethe beam b represents
a node of the beam tree; it is re ected from the re ector and the re ected bundle &
is split into sub-beams that represent the new branches of th beam tree departing
from the nodeby;

Step 4. Repeat the procedure for each beam that falls onto a re ector the
recursive procedure stops when the preassigned order of rection is reached or when
the beams die out (i.e., when they are attenuated below a pressigned threshold of
magnitude).

3.4.3. Path tracing

Beams are organized in a beam tree data structure that contais the branching
relationship between acoustic beams and represent e cieny the visibility from the
geometric space of the source position. Once the receiverdation is specied, a
simple iterative procedure looks up the beam tree to nd the paths from source to

1The ray 1° can be seen as passing through two pointsxp, and xp,; using the relation (2.3) and
the propriety of the cross product (M*® xp,) (M”B xp,)=det( M )(M"B) T(xp, Xxp,),
we obtain the given relation between 1° and I.
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3. Modeling of sound propagation in the ray space

receiver. Each node in the beam tree corresponds to a beam amdsimple geometrical
test checks if a receiver is inside the beam. A number of di eent implementations
of the test can be devised. Two possibilities are shown in Figre 3.5. In Figure 3.5
(a) the beam is parametrized with the four bounding lines oriented so that a point
inside the beam is always on the right of those lines. In ordeto test if a point is
inside the beam, therefore, we only need to verify that it is m the right side of all
lines that parametrize the beam, i.e. compute four scalar poducts. In Figure 3.5
(b) the beam is parametrized using two re ector lines and thetwo points that limit
the beam. The presence of the receiver is tested checking ifi¢ receiver is between
the two re ectors (if the receiver is on the correct side of eah re ector) and if the
path going from the beam's source to the receiver is inside th beam (if it has the
correct orientation with respect to the points that limit th e beam).

Figure 3.5.: Two possible parametrizations of the beam: (a) the beam is parametrized with the four bounding
lines oriented so that a point inside the beam is always on the right of those lines; (b)the beam is parametrized
using two re ector lines and the two points that limit the bea  m.

3.5. 3D Algorithm

3.5.1. Visibility information

The de nition of visibility information in 3D environments follows the ideas ex-
plained for 2D geometry. However, the higher dimensional spce and a necessary
intersection with a non-convex quadric surface makes the implementation more com-
plex.

We de ne visibility region between two re ectors V(Rj;R;) (intersection of all
rays that go from one re ector and fall onto the other one) and visibility diagram
of a re ector D(R;) (the collection of visibility regions from that re ector) a s in the
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2D 3D
lcp? lepP®
b) +*R R ) xl= 0, i=1.m &1~ 0, i=1,.r
IQI=0
a._ 0 = as0 gy ago

Figure 3.6.: (a) Visibility region in 3D geometric and ray sp  aces; (b) Visibility region constraints for 2D and
3D geometries.

2D case. Similarly to the 2D case the visibility region is gien by the intersection
of corresponding oriented re ectors (2.11) as shown in Figte 3.6 (a). The visibility

diagram is the collection of overlapped visibility regions As in 2D, after overlapping
the visibility regions are given by the intersection of a nunber of half-spaces (this
ensures that rays have the correct orientation). However ttere is also the intersection
with the Plucker quadric (this ensures that the rays that de ne the region are real
lines in 3D). A comparison between the visibility regions in2D and 3D is shown in
Figure 3.6 (b).

While evaluating the mutual visibility between re ectors i n the environment only
events (intersections) on the surface of Plucker quadric hee to be taken into ac-
count, i.e. only events that correspond to di erent visibil ity changes in 3D. As a
consequence, the removal of occluded portions of visibilitregions is no more a linear
program, and a new, dedicated, algorithm for detecting ocalsions, adding/removing
constraints and splitting regions has to be developed. Howeer, as already stated,
presenting this algorithm goes beyond the scope of this workA simple pseudocode

43



3. Modeling of sound propagation in the ray space

for the visibility evaluation algorithms should look like:

function Visibility evaluation ( R;, 8i)
begin
for all re ectors R; do
initialize  the visibility diagram D(R;) = ;
for all re ectors R}, j 6 i do
initialize V (Ri;Rj) = ;
compute the visibility region V(Ri;R;)
add V(ﬁi;ﬁj) toV (ﬁi;ﬁj)
for all possible occluderd Ry do
compute the visibility region V(Rj;Rk)
for all V, (Ri;Rj) 2V (Ri;Rj) do
test for intersection V, (Ri;R;) \V (Ri;Rk)
if intersection = true then
subdivide V, (Ri;R;j) into V,(Ri;R;)P
remove V, (Ri;R;) from V (Ri;R;j)
add Vo(ﬁi;ﬁj) toV (ﬁi;ﬁj)
end
end
end
add the overridden regionsV (Ri;R;j) to D(R;)
end
end
return D(R)), 8i
end

2the occluders can be sorted by importance by shooting test rays and measuring,
for each occluder, the number of rays intersecting it, as suggested in [62] and [63];
Pempty set in case of the complete occlusion.

The reader should consult the listed references for more dails.

3.5.2. Beam tracing

The procedure is similar to the 2D case. With reference to Figre 3.7 (a) consider
the re ection of the beam by, with source xs and edge constraintse;, i = 1;:::;n,
from the re ector Rj.
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(d)

Figure 3.7.: (a) Re ection of a beam from the re ector; (b) Th e re ected beam in the ray space; (c) Subspace
of rays originated by the image source Xxgo; (d) Subdivision into sub-beams.

Step 1. First the source xs and edgese; are re ected with respect to the plane

on which the re ector lies, = [A;B;C;D]". The result is the re ected bundle
of rays K with image sourcexso and constraints e, i = 1;::;;n. The re ection is
performed using the re ection matrix
2 3 2 3
M =14 2GT—GT:42 n15;G:4|; 25:

Using the homogeneous coordinates we haveso = M xg and therefore the Carte-
sian coordinates of the image source so are obtained asxso = Nxg + n. Given a
generic edge passing through two pointxp, and xp,
3 2 3
ez 4 (P1 XP2g_y er 5.
Xp, Xp, ed
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it is re ected with respectto  as follows

2 3
2 (NXP2 + n) (NXP1 + n) 3

4 NXP1 NXP2+ n N(XP2 XP1)+ n n 5

2 N(sz XP1) 3
_ 4 det(N)(N HTem+n (NeY+n n c
Ned

In the ray space the re ected bundle of raysk, t_qo, lies completely on the surface of

Plucker quadric and is limited by the hyperplanese?, i = 1;:::;n, as illustrated in
Figure 3.7 (b).
Step 2: The visibility conditions, encoded as constraints on edges;, i = 1;::;;m,

cause the subdivision ot into sub-beams. At this point, to perform this subdivision

there is no need to remain in a six-dimensional space and dealith a non-convex
quadric surface. In fact, the re ected bundle of raystf has the origin in the image
sourcexso. The ray space representation ofx so, Xso, is the projective plane (2.14)
spanned by (2.12) that lies completely on the surface of the Ricker quadric. As a
consequencd_q0 lies on the surface of the Plucker quadric as well, and it is neresented
by the portion of the linear subspaceXso. Using (2.15) we can project both the beam
constraints e? and the visibility constraints g to the subspacexso that de nes only

the rays passing through the image sourcexso. The result is a collection of linear
constraints, e and e, within a two-dimensional projective spaceP? as depicted in
Figure 3.7 (c).

Step 3: The re ected bundle of rays i is then subdivided into new beams inter-
secting the re ector's visibility diagram D(Ry), i.e. 50\ D (R1). This procedure is
performed in the space spanned by the homogeneous coordimsta. As done previ-
ously for the 2D reduced ray space, for clarity of visualizaion we depict the splitting
process in a two-dimensional Euclidean space obtained intsecting P? with a pre-
scribed plane. A simple example of the visibility diagramD(R1) with two computed
visibility regions, V (R1;R») and V (R1;R3), is shown in Figure 3.7 (d). The over-
lapping between the regions has been managed during the vislity precomputation
stage and the visibility diagram shows not occluded convex prtions de ned by a
number of linear constraints g;. Finally, the new beams are computed intersecting
the re ected bundle of rays I, speci ed with the constraints e, with the regions
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of the visibility diagram D(R;) as shown in Figure 3.7 (d). Some beams encounter
re ectors along their path (k31 and ly») and originate new re ections, others proceed

to in nity ( bg).

3.5.3. Path tracing

In order to test the presence of the receiver inside the beam parametrization
similar to the parametrization used for 2D and shown in Figure 3.5 (b) is used. The
beams are parametrized using two planes that contain the reectors and a number
of edges that limit the beam. The presence of the receiver isested checking if the
receiver is between the two planes and if the path going fromtie beam's source
to the receiver is inside the beam. Examples of path tracingn environments with
di erent complexity are shown in Figure 3.8.

Impulse responsg

g 1R

Impulse responsg

Impulse responsg

Figure 3.8.: Examples of path tracing in environments with d i erent complexity.
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3.5.4. Considerations

As seen, the increase in complexity of problems encounteredthile generalizing
the 2D visibility approach to the 3D case is not proportional to the increase in the
dimension of the geometric space. The visual events becomim general, non-linear
and non-convex. This is re ected on the de nition of the ray space represented, in
3D case, to be a four-dimensional non-convex quadric surfacembedded inP®. It
is important, however, to note that the increase in dimensim of the beam tracing
phase is exactly one. Observing Figures 3.4 and 3.7 we notedh all rays passing
through a point in 2D have 1 degree-of-freedom, i.e. in the naspace they belong to a
projective line P!; in 3D the rays passing through a point have 2 degrees-of-feglom,
i.e. in the ray space they belong to a projective planeP?. Furthermore, in 3D the
subspace of all rays passing through the point lies complelg on the surface of the
ruled quadric, thus no intersection is needed. Indeed, the igibility events from a
point are, once again, linear as observed in [50], [46], [69B9], [59], [42]. The beam
tracing is thus a linear program that consist of the intersedion of the re ected beam
with the precomputed visibility regions of the source re ector. As a consequence,
even in 3D, the beam tracing procedure has a reasonable comgational burden that
allows e cient tracing of acoustic beams.

The visibility evaluation requires only the information on environment geometry
and is computed o -line. The resulting visibility diagrams do not require much
memory space, as they are represented just by a list of activeonstraints (borders)
of each visibility region. Therefore the visibility inform ation is easily stored and
loaded together with the environment. In general, the dynamc environments are
not easily handled as they require recomputing the visibilty information. However,
some simple dynamic scenes that require just a removal andfore-introduction of
some re ectors (e.g. opening and closing of doors and windasy can be handled by
simply combining the visibility regions of the removed re ector with the visibility
regions of re ectors that observe it.

3.6. Conclusive remarks

In this Chapter we presented the 2D and 3D visibility based bem tracing algo-
rithms. Both 2D and 3D algorithms make use of the visibility i nformation computed
in the 2D and 3D ray spaces, respectively. Visibility information speci es the mutual
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visibility between all the re ectors in the environment. It is made by a collection
of visibility regions that describe the visibility conditi ons between two re ectors us-
ing the ray space representation of corresponding orientede ectors. In 2D, the
visibility region is de ned by a number of linear constraints. In 3D, the visibility re-
gion is de ned by a number of linear constraints and one quadatic constraint. The
beam tracing is performed subdividing the re ected bundle d rays into sub-beams
by intersecting the ray space representation of the re ectel beam with the visibility
region of the re ector that causes the re ection to occur. In both 2D and 3D the
beam tracing is a linear procedure.

The modeling engine is used in Chapter 6 for the computation bre ective paths.
The modeled paths are then matched with the measurements inraler to estimate the
re ection coe cients of all re ective surfaces in the envir onment. For the rendering
application in Chapter 7 the modeling engine is used to simwdte the sound eld of
both real (host) and virtual (to be reproduced) environments. This models are then
used by the rendering engine to reproduce the acoustics of évirtual environment
while compensating for the undesired reverberation of the @al environment.
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Chapter

Analysis of wave elds through
plenacoustic imaging

Acoustic scene analysis is generally performed by gathering mea-
surements and combining the related constraints. This is do

through a process that must be speci cally developed for the prob-
lem at hand. In this Chapter we propose a methodology that all

us to follow a di erent route, which consists of collecting a t once all
the information that is available on the acoustic scene; org anizing it
into a data structure that displays it in a ready-to-interpr et fashion;
and performing the analysis of the collected data afterward S, using

various methodologies, typically from pattern analysis.

The novel approach to acoustic scene analysis is based on nea r eld

acoustic measurements acquired with a microphone array and , in par-
ticular, on the concept of the plenacoustic function. We sta rt from
a general de nition of the plenacoustic function, which inc ludes di-

rectional information. We then show how to map this function

the 2D ray space. By representing the plenacoustic (spatial ly dis-
tributed) measurements in the ray space, i.e. associating m agnitudes
to acoustic rays, we obtain snapshots (for a given time and fr equency)
of the plenacoustic function. This parameterization of the plenacous-
tic function is here referred to as a plenacoustic image. Thi s image

will turn out to carry a great deal of information on the acous
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scene. We then show how to acquire an approximation of the abo ve
ideal plenacoustic image using a microphone array and descr ibe how
real and ideal images are related to each other. In particula r, we
discuss the impact of spatial sampling onto the resolution o f the ple-
nacoustic image (aperture problem), and the issue of scene v isibility

and its relation with the extension of the imaging array.

4.1. Motivations

Acoustic systems could greatly bene t from spatially distributed observations of
the acoustic scene. In the near future we can expect to have aumber of small
microphone arrays distributed inside the environment (e.g think about the ar-
ray integrated in the Microsoft Kinect ® device). Having at the disposal di erent
views of the scene can help improve the performance and robstness of acoustic
signal processing algorithms, for example merging di ereh estimates to improve
estimation accuracy or selecting the best view for the parttular application; and
accomplish tasks that would not be possible otherwise, suchs taking into account
or estimating visibility discontinuities of the environme nt. To address the problem
of the representation and use of such a spatial data, we cordgr di erent views as
snapshots of the plenacoustic function.

4.2. Related work

The plenacoustic function was introduced in [15] as the acaostic counterpart of
the plenoptic function [33], which describes the intensity of the light ow at every
position for every direction at all frequencies and, for dyramic scenes, time. In
de ning a plenoptic function, several assumptions are oftea made (e.g. static scenes,
grayscale images, reduction of degrees of freedom on camdoaations) in order to
reduce the dimensionality of the representation [70]. Poplar parametrizations are
the lumigraph [71] and the light eld [72], whose domain is the space of oriented lines
The plenoptic data is used in computer vision for localizaton, mapping, synthetic
view generation (image based rendering), etc. An example @ commercial plenoptic
camera is based on work in [73].

The plenacoustic function was originally proposed in [15] a the acoustic pres-
sure as a function of space, time and frequency. In this de rtion the directional
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information was dropped by the authors because of the lack oflevices that could
measure sound pressure and components of its gradient. Theethod was proposed
and developed for reconstructing the sound pressure distoution anywhere from a
measurements on a nite number of points. In this thesis, we evise this de nition by
re-introducing direction, thus making it completely symmetrical to its optical coun-
terpart, as the directional information can be recovered wih a microphone array
through space-time processing. Rede ning the plenacousti function this way also
induces a re-interpretation of the term sound eld as a vector eld, which matches
the concept of light eld discussed in [72].

4.3. The plenacoustic camera

In this section we revise the de nition of plenacoustic fundion by introducing
the directional information, knowing that this informatio n can be recovered through
space-time processing. In fact, one way to measure the sourad coming from a
given direction in a given point in space is to use a beamfornmg algorithm with a
compact microphone array. This way we can measure the magniide (or power) of
the acoustic pressure along rays that pass through its cente In other words, the
compact array is used as an acoustic camera , and the centeof the array plays the
same role as the optical center in a photo camera (center of tlection of all rays).
In a 2D (planar) geometry, such measurements are represerdeas a function of just
one parameter, which is the direction if arrival of the acousic ray. In this thesis
we introduce a direct generalization of this idea by de ning the plenacoustic (or
sound eld) camera, similarly to its optical counterpart, the plenoptic (light eld)
camera [74].

We de ne the sound eld camera as a device that acquires the mnacoustic function
over a spatially extended observation window facing the acoustic scene. In the 3D
case the observation window is a compact region of a planar sface, while in the 2D
case it becomes a simple segment. If the observation windowere in nitely extended
(a plane or a line), then knowing the plenacoustic function a it would allow us to to
infer it everywhere in space. This is indeed true because of iygens Principle, but
it is also true because of the principle of invariance of the adiance along acoustic
rays. By limiting our knowledge of the plenacoustic function to a window of nite
extension, we approximate this idea. The information that we gather through a nite
window, in fact, only allows us to reconstruct the wave eld in a region surrounding
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the it, whose size depends on visibility and occlusion contibns.

In this work we de ne the sound eld camera in planar geometry and, therefore,
we capture the plenacoustic function along a segment of a li, which represents the
window of observation of the acoustic scene. This means thahe sound eld camera
captures the acoustic eld along all possible rays that cros that segment from one
given side. The plenacoustic function, measured along theansidered segment and
mapped onto the ray space will be referred to agplenacoustic imageor sound eld
image Using the ray space representation of geometric primitive described in the
Chapter 2 we can understand how an acoustic scene will appean a plenacoustic
image. The ray space is the projective space whose (homogenss) coordinates are
the parametersly, |, and I3 of the line. We have seen that de ning the ray space
on the projective domain P2 (which uses three homogeneous coordinates) instead
of the Euclidian domain R? (which uses two coordinates) has several advantages.
First of all, this choice is of general validity, as it accomnodates rays coming from
all possible directions (e.g. not necessarily just those ening from the front side).
This means that this representation is independent of how weplan to implement
the plenacoustic camera. In addition, in this space we can wi# with near- eld
sources or with sources at in nity (planar wavefronts) with out having to change
the notation; projective transformation such as specular e ections (wall-re ected
rays or beams) are readily described with linear transform#ons (homographies).
However, in order to simplify the visualization of plenacoustic images, we will often
resort to showing a reduced ray space, whose domain irR? is obtained by slicing
the ray space (I1;12;13) with a plane. In particular, unless otherwise stated, the
cutting plane will be chosen asl; = 1, as often done in the area of computer vision.
This particular choice of reduced ray space is fully equivant to the projective ray
space except for the rays that are parallel to thex-axis, which we cannot represent
because they havd; = 0.

4.3.1. The ideal plenacoustic camera

An ideal plenacoustic camera is a device that is able to capte the (complex)
amplitudes of all acoustic rays that fall onto it. The term p lenacoustic comes
from the fact that there is no single point (camera center) that rays are bound
to pass through. A camera of this sort can be thought of as a lie segment in
the geometric space or, conversely, as the set of all rays thaross such segment.
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Its representation in the ray space is therefore given by theparameters of all such

rays. As a consequence its representation in the ray space égjuivalent to that of a
co-located re ector (2.7).

Geometric Space Reduced Ray Space
o Xg Image (h =1)
"/ source \

Xs tlag

* Xg Acoustic
source Xa

Figure 4.1.: (a) The ideal plenacoustic camera in the geomet ric space; (b) The ray space representation of
the plenacoustic image.

So far we have discussed the representation of geometric pritives as a function
of the acoustic rays that are generated (source), collecte¢receiver) or re ected (re-
ector) by them. Each ray that parameterizes the geometric primitive is associated
to a magnitude. As soon as the acoustic source lights up , a poliferation of acous-
tic rays populates the environment due to the presence of reectors. Consider the
simple scenario in Figure 4.1. The acoustic sources is visible from the plenacoustic
cameraxXxcXp. The re ector xaxpg causes the mirror sourcex so to appear. Notice,
however, that re ective rays starting from Xgo are bound to pass throughxaxg,
thus limiting the portion of space where x so is visible. The bundle of re ective rays
partially illuminates the acoustic camera XxcXxp. The corresponding situation in the
ray space is depicted in Figure 4.1(b). In particular, the pation of ray space visible
by the cameraxcXp is depicted in light gray, while the red area is the intersecton
between the regions of visibility of the re ector xaxg and of the cameraxcxp.
Finally, when the source x5 is active, two segments in the visible region ofkcXxp
will light up. The rst is the intersection between Xs (representation of xs in
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4. Analysis of wave elds through plenacoustic imaging

the ray space (2.4)) and the visible region, while the secon@ne is the intersection
among Xso (X s0); the visibility region of xaxg; and the region visible by xcXxp.

Let F(;x;y;t;f ) be the plenacoustic function that speci es the acoustic wae eld
coming from a given direction at a given position x;y at a given time t and
frequencyf . The ideal plenacoustic camera captures all the acoustic s I( ;XY )
that impinge from all directions on the points x;y of the corresponding observation
window XcXp, i.e. I(;X;¥) 2 Rcp, whereRcp is the set of rays that form the ray
space representation of the given line segment (2.7). Thefere the ideal plenacoustic
imagel (l) represents a snapshot of the plenacoustic function at time, frequency
fo and for directions and positions such thatl( ;x;y ) 2 Rcp. The resulting image
carries information on both magnitude and phase of the acougc radiance, therefore
it is generally complex-valued. If the application does notrequire phase information
(as in the case of this dissertation), the image formation pocess simpli es. In this
case it is convenient to construct the power plenacoustic irage, i.e.

I ()= fiF Gxytf )2 j1=1(ixy)2Rep;t=to;f = fogr  (4.1)
Note however that depending on the application the phase indrmation can be used

as well.

The sound eld produced by the acoustic sourcex s is mapped over the linexXs in
the ray space. Therefore the ray space image ofs is

Is(l) = as(l) s(1); (4.2)

where ag(l) is a function that depends on radiometric properties of the surce, i.e.
the signal amplitude and the radiation pattern for the direction | (at time ty and
frequencyfg), and 3

S 1ifl12Xs;

s(h) = _ _
- 0 ifl 2Xg:

On the other hand, the re ections produced by the image soure x so are bound
to pass throughxaXxg. Therefore the ray space image ok o is

I so(l) = aso(l) so(Dras (1) as (1);

wherease and so(l) are de ned similarly to (4.2); rag (I) is a function that depends
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4.4. Array-based approximation of the plenacoustic camera

the re ective properties of the re ector, i.e. the re ectio n coe cient for the direction
| (at frequency fg), and

8 E—

< 1ifl2 Rag ;

)=
-0 IflgRABZ

Finally, the plenacoustic image (4.1) contains the rays praluced by both direct
and image sourcesxs and X so, that intersect the plenacoustic cameraxcxp (see
the Figure 4.1). Therefore we have

() =(Ts()+ Tso() co(l)

(4.3)
= as(l) s(l) co(l)+ aso(l) so(l)ras () as (1) co(l):

It is interesting to notice how the presence of re ected rayscontribute to enriching
the plenacoustic view of the scene. For example, if the roomncludes scattering
walls, the re ections are scattered in all directions, i.e. they are not originated from a
single image source. Therefore the plenacoustic camera sg the di use re ections,
originated from the re ector, coming from all directions. A s a consequence the whole
re ector's visibility region, representing all the rays or iginated from the re ector, will
brighten up. In this case the acquired ideal pleanacoustic image should be

I ()= as(l) s() co()+ras(l) as(l) co(l):

The case of Lambertian (equip-di usive) surfaces, howeveris far more common in
the optical case than it is in the acoustic one. However, we aa always acousti-
cally illuminate the environment from di erent location s in space to extract more
information from the acoustic scene.

4.4. Array-based approximation of the plenacoustic camera

We now discuss how to acquire a plenacoustic image using a maphone array.
In principle, just like in the optical domain, the plenacoustic camera can be thought
of as an array of acoustic cameras, placed on a grid that samgé the window of
observation. Dierent setups are possible for this measurment procedure. If the
acoustic scene is static and the signal emitted by the sourasis stationary, the sound-
eld could be measured by simply moving an acoustic camera aing the observation
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4. Analysis of wave elds through plenacoustic imaging

window. If the acoustic scene is not static, then we need to ®ort to a one-shot
acquisition procedure based on a spatially extended micrdpone array.

Implementing a plenacoustic camera with a microphone arrayneans inferring the
acoustic rays that intersect the array through space-time pocessing. Here we show
how to build a sound eld camera that captures the plenacousic function along a
given segment, by using a microphone array that samples thasegment. In order
to do so, for each microphone position we will de ne a local acoustic camera. We
then remap the collection of spatially distributed acoustic images onto the ray space
to form the plenacoustic image. In the following paragraph ve discuss in detail each
step leading to the measurement of the plenacoustic image.

4.4.1. Single spatially extended array

The purpose of this paragraph is to illustrate a methodologyfor the acquisition
of a plenacoustic image by means of a single microphone arrayVith reference to
Figure 4.2 (a), we have a linear microphone array, whose seoss are at locations
Xi, 1 =1;::; M. Summarizing the overall procedure, we perform beamformig on
compact sub-arrays within the microphone array and we measte the pseudospec-
trum (de ned as the output power of the beamformer for di ere nt look directions)
on each sub-array, which provides information about the digribution and intensity
of acoustic rays passing through the acoustic center of theansidered sub-array, i.e.
its reference microphone. By performing beamforming on dierent sub-arrays we
measure distribution and intensity of acoustic rays passig through a plurality of
acoustic centers. Finally, the pseudospectra are visualed in the ray space, to obtain
the plenacoustic image. A schematic overview of the plenaetstic image acquisition
process is shown in Figure 4.2 (b).

Let us consider a sub-array centered atx;, i.e. the sensor located atx; is the
reference sensor of the considered sub-array. The sensanghe sub-array are located
atxj;j =i Ydini+ Yol whereW is the number of microphones in the sub-
array. The signals acquired by the sensors arg; (t);j =1 =511+ Tl We
apply a beamformer on these signals to obtain the spatial pselospectrum

Pi()=h"()Rih(); (4.4)

where is the look direction, h( ) denotes the array weight vector, andR; denotes
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4.4. Array-based approximation of the plenacoustic camera

the estimate of the autocorrelation matrix of the microphone signals

Ri = E[Xi(t)Xi()"];

where
Xi(t) =[x %(t);:::;XH%(t)]T;
and -
R = %t_lxi(t)xia)“:

In general, the pseudospectrumP;( ) can be measured using any beamforming
technique. However, discussion about beamforming methodis outside the scope of
this thesis. For more details see the Appendix C. The derivaibn of the pseudospec-
trum is repeated for all the possible sub-arrays, i.e. fori = (W +1)=2;:::; M
(W +1)=2.

In order to map P;( ) onto the ray space, notice that an acoustic ray with travel
direction and captured by the sub-array whose reference microphone iat x; =
[xi;yi]T has line parameters

I(;xi;3yi) = k[ cos( );sin( );cos( )xi  sin( )yil";

(4.5)
k>0 = + =2;

where is the orientation of the array, as shown in Figure 4.2 (a). Eaqiation(4.5)

is the conversion rule in order to go fromP;( ) to Pj(I). Notice that as varies
[(;xi;yi) describes a line in the ray space, i.e. the lin&; corresponding to X;.

Furthermore, due to the fact that x; lies on the line of the array, the lineX; belongs
to the visibility region of the plenacoustic camera and passs through the intersection

point betweenX; and X)y as shown in Figure 4.2 (c). Finally, the plenacoustic image
acquired by the microphone array is the collection of the subkarray pseudospectra
represented in the ray space, i.e.

L) = fRi(Djl = 10 %43 yi);

= W+ ... W+1 . .
= 55=nM >—0< < g

(4.6)

The use of the spatial windowingW allows us to trade between con icting needs:

. the use of extended arrays enables a wider region in the ray spe to be visible;
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OXS.

X1
M; Xi
Cropp, O;7e X
ar /'a 1%
>
(a) (c)

W
_OQU N\ acoustic microphone array geometry

(ITTTTTTT]
T v v measurements
Beamforming 4_1

c
§ -% plenacoustic image
,\ 8 £ '
~r » wn (] N
_ > > 0 g
Q- JzeRO__~ -~
> D: o —>
A 9 N
> > 7

(b)

Figure 4.2.: (a) The microphone array; (b) Schematic overvi ew of the plenacoustic image acquisition process;
(c) The ray space representation of the plenacoustic measur ements the plenacoustic image.

in order to estimate rays that pass through a point x; of the array, the array
must be su ciently compact in space.

In other words, the complete array has to be big with respect to the scene of inter-
est (near- eld) in order to get a panoramic view of the acou stic scene; whereas the
sub-arrays have to be small with respect to the scene of inerest (far- eld) in order
to approximate point-like directional receivers. Spatial windowing overcomes this
problem but introduces an aperture phenomenon and other distortions. For example,
a smaller spatial window reduces the angular resolution (it blurs the plenacoustic
image) but increases the spatial resolution (information dout rays passing through
a single pointx;). On the other hand, a larger spatial window improves the angilar
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4.4. Array-based approximation of the plenacoustic camera

resolution (assuming the far- eld assumption made by most keamforming techniques
is still valid) but decreases the spatial resolution. On thepositive side, windowing
suggests that an array of many microphones could be replacedith a smaller array
that slides along its axis (under the hypothesis of stationay sound eld).

The resulting plenacoustic imagel (1) is a sampled and blurred version of the ideal
pleanacoustic imagd (I) (4.1) as illustrated in Figure 4.2 (c). More speci cally, the
fact that the image is sampled means thatl (1) samplesl (I) over the raysl that are
bound to pass through microphone positionsxi;i = (W +1)=2;:::;M (W +1)=2,
i.e. over the linesX; in the ray space. Conversely, the blurring comes from the fdac
that the image | (1) represents the ideal imagel (1) convolved with the aperture
function of the given beamforming technique. We can thus wrie

Z
= o Oi = 1( x:v)
(1) — L (9pro(l 19dI%j 1= 1(;x |,y|()), “.7)

=Yoo Mrlo< <

wherepyo(l 19 is the aperture function and the subscriptI®indicates that, in general,
it is not constant for all directions 1°

The image con guration depends on the geometry (re ector ard source positions)
while the amplitudes vary in time and frequency according to the source signal,
radiation pattern of the source, the polar pattern of the microphones, the re ection
coe cients and traveling path distance. In case of widebandsources we can obtain
a number of images for di erent frequency bands of interest o (being interested in
extracting only geometric information) a single image comlining images at di erent
frequencies. In particular, in Chapter 5 we use the widebandviinimum Variance
Distortionless Response (MVDR) beamformer [75] for the loalization of acoustic
sources and re ectors. On the other hand, in Chapter 6, wherewe are interested
in extracting the frequency dependent re ection coe cient , we apply the delay-and-
sum (DAS) beamformer [76], [77]. A detailed discussion abduthe beamforming
techniques is outside the scope of this dissertation. A shordescription of both
DAS and MVDR techniques can be found in the Appendix C. Howeve, various
alternatives could be employed. In order to improve accurag and resolution, other
robust and superdirective methods can be used, as suggestad[78].

Although the acquisition process could be easily performedvith an arbitrarily
shaped array, the linear array has the advantage of maximal xéension and, con-
sequently, best eld of view. It also has the advantage of baig easily manageable
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4. Analysis of wave elds through plenacoustic imaging

in the ray space. We should bear in mind, however, that the el of view of this
camera is limited to half of the geometric space (in front of t).
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Figure 4.3.: (a) An acoustic scene with a ULA plenacoustic ca mera and a source xs = [1;1]" in the
geometric space; (b) The corresponding plenacoustic image | (1)[dB], whose amplitude has been normalized
and expressed on a dB scale, shown in the reduced ray space with |1 = 1.

Figure 4.3(a) shows an acoustic scene that includes a Unifor Linear Array (ULA)
of 15 microphones spaced dd:11 m. An acoustic source placed inxs =[1;1]" pro-
duces a pass-band signal whose spectrum lies betwe880Hz and 10 kHz. The cor-
responding simulated plenacoustic image obtained using wWeband MVDR is shown
in Figure 4.3(b). For clarity of visualization, the resulti ng image is displayed af-
ter order-zero interpolation (piecewise constant), in orcer for | (I) to be continuous
with respect to microphone sampling. The line of Figure 4.3p) is the dual Xs of
the source, i.e. the representation of the source in the raymace. As we can see,
the plenacoustic imagel (1) exhibits a ridge in the same location asxs. This ridge
is, in fact, a blurred version of the visible portion of the dual of the source and the
magnitude of the blurring varies with both I, and 3. This is due to the fact that
a ULA does not exhibit a uniform resolution over [79]. As we can see in Figure
4.3(b), in particular, the farther the point from the source, the larger the incidence
angle, the greater the blurring. This blurring in the plenacoustic image causes a
loss of resolution, which prevents us from being able to telmultiple acoustic objects
apart when they lie too close to each other.

In the lower left area of the plenacoustic image in Figure 4.@) we also notice a
rather large bright area, caused by aliasing. The signal entied by the source, in
fact, has frequency content that goes beyond the spatial Nygist frequency. This
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4.4. Array-based approximation of the plenacoustic camera

phenomenon will be better characterized later on in the nextsection. We will also
show that plenacoustic imaging is, in fact, robust with respect to aliasing.

4.4.1.1. Angular Aliasing

Aliasing is a well known phenomenon in space-time processin which causes an
error in the localization of the acoustic source. An aliasedoseudospectrum exhibits
multiple lobes of comparable magnitude, known as grating lbes [79], which are
replicas of the main lobe. In order to prevent aliasing, the dstance d between
adjacent sensors needs be kept su ciently small.

As far as ULAs are concerned, the no-alias condition id < = 2, where is
the wavelength corresponding to the maximum frequency cordined in the signal
and d is the distance between adjacent sensors. We focus here onetimpact of
spatial aliasing on plenacoustic images. The presence ofiasing depends only on
the deployment of sensors. As an exact characterization oflasing for MVDR is
not possible in a theoretical fashion, we present analyticaresults for the case of
delay-and-sum beamformer [79], which can be generalized thisome approximation
to the MVDR.

Let us consider theith subarray, whose central microphone is inx; = [x;;Vi]".
The angle under which this sub-array sees the acoustic souedn xs = [xs;ys]" is

Yi Vs

i = arctan
Xi Xs

The acoustic source produces a monochromatic signal (a sigle tone) of wavelength
For the delay-and-sum beamformer, the contribution of the sub-array to the
plenacoustic image is
h iH
sin W4 (sin  sin ;)
Pi()=C—nh > (4.8)
sin 9(sin  sin ;)

where C is a positive constant. Spatial aliasing occurs whethe denominator is zero,
i.e. when q
— (sin sin{)=m;m 22Z,;
which gives
.n . :
= arcsin F+S|n i, =2 <pi=2;n2Z (4.9)
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4. Analysis of wave elds through plenacoustic imaging

Although eq. (4.9) is derived for the case of the delay-and+sm beamformer, the same
equation can be used, with some degree of approximation, asfor other beamform-
ing techniques.

Figure (4.4) shows the same plenacoustic image of Figure 418, where a continu-
ous line marks the location of the grating lobes as predictedvith equation (4.9), with
n= 1 As we can see, although derived for the delay-and-sum beammfmer, the
curve well approximates the location of the grating lobes ao in the case of MVDR
beamforming. Small crosses denote the location of aliasingeaks, as detected with
a peak-picking algorithm. Notice that such peaks are not cdinear. This means
that any line detection tool such as the Hough transform woud allow us to easily
discriminate between peaks related to real sources and pesldue to grating lobes.

|1= 1

Figure 4.4.: Example of plenacoustic image with aliasing. T he geometric setup is the same as in Fig. 4.3.
The dashed line is the dual of the source; crosses mark the det ected aliasing peaks; the continuous line,
computed from (4.9) approximately predicts the location of  aliasing peaks.

4.4.1.2. Resolution

The resolution is de ned as the minimum angular distance betveen two sources
that makes the related pseudospectrum peaks discernible. df notation simplicity
we consider the con guration in Figure 4.3 in which the |3 axis corresponds to
the spatial variation (position of the reference microphore x;) whereas thel, axis
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4.4. Array-based approximation of the plenacoustic camera

corresponds to the angular variation (direction of arrival ). As far as the spatial

resolution is concerned, the resolution is limited by the nunber of pseudospectra
Pi( ) contributing to the plenacoustic image. An increase of the esolution on the

I3 axis can be obtained decreasing the numbew of microphones in each sub-array.
The cost is, however, the decrease of the resolution on thle axis.

We now consider the angular resolution. The discriminatingability depends on
the adopted peak-picking algorithm, therefore it is more ofan operative de nition.
In this work the resolution is evaluated by sizing the width of the lobe of the pseu-
dospectrum corresponding to the Direction Of Arrival (DOA) of a point-like source,
i.e. we characterize it as a point-spread function. Leti® be the value ofl, corre-
sponding to the DOA of the source and | ; > 0 be the interval on the |, axis such
that

(1152 + 15513)jas = | (119 13)jas ;

being a given threshold. Similarly we de ne |, < 0 as the value ofl, such that
L@+ 155 08)jae = 1 (151275 18)jas
Finally, we de ne the width of the lobe as
lo=15 1, (4.10)

which clearly depends on . For the applications presented in this dissertation we
preliminarily veri ed that the peak picking algorithm adop ted in this manuscript
requires 4 dB in order to discriminate between peaks in the pseudospeca
associated to multiple sources.

A closed-form expression ofl , can only be found for the delay-and-sum beam-
former, and not for MVDR beamformer. This is why we performed simulations.
Figure 4.5 plots |, for W =3 and W =5 for various source positions. More specif-
ically, the source is placed at a distance ofl:5 m, and the angle formed by the
source and they axis varies betweenO and 45 . The microphone array has the
same con guration of Figure 4.3. For visualization convenence, the value of | , has
been converted in angles, as the range of variability of, is too large for a clear
representation. Notice that for =8 dB there are angles for which | 2jgeg = . In
this situation I§ is not de ned, as the lobe ofl (1;15;13)jgz does not decrease to
I (1;15%%;13)jdB for m > m nax. Notice that there is no signi cant improvement
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on the resolution forW =3 and W =5 when =4 dB.
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Figure 4.5.: Resolution on the |, axis as the angle of the source varies: (a) W =3; (b) W =5.

4.4.1.3. Spatial Sampling

Real plenacoustic images dier from the ideal ones not only ér their limited
resolution, but also because they are obtained by samplinghte observation window
on a nite number of points corresponding to the acoustic certers of the sub-arrays.
As suggested above, increasing/, and therefore the resolution on thel, axis has the
negative consequence of decreasing the number of samplestiiorm the plenacoustic
image on thels axis. The optimal tradeo between resolution and spatial sampling
issues depends on the speci ¢ application.

4.4.2. Spatial distribution of small compact arrays

An acoustic camera (in a more traditional sense) could be se&eas a compact ar-
ray of microphones (whose size is negligible compared withhe size of the imaged
scene). This camera would be able to estimate the magnitudesf all rays that pass
through a single point in spacex; (the location of the array), therefore its eld
of view in the ray space corresponds to a single lingj. Along this line we nd
the values of the pseudospectrunP;(l) corresponding to the directions of arrival of
the rays. Examples of acoustic cameras are the cylindrical raays (2D case) and
spherical arrays (3D case). An alternative and more expense implementation of
a plenacoustic camera could be a spatial distribution of smk acoustic cameras of
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this sort (e.g. Eigenmikes), each taking care of estimatingsound eld magnitudes
along all directions. This would have the e ect of reducing the aperture problem;
increasing the eld of view (to a full angle); distributing t he processing (over the
small acoustic cameras) and compacting the information (eeh small acoustic cam-
era would transmit a set of vectors and the related amplitudes). The expensive
hardware requirements of this scenario could be overcome ithe near future thanks
to the availability of inexpensive integrated microphone arays. This approach re-
sembles the construction of some plenoptic cameras, whichan be built as arrays
of mini-cameras. With this perspective in mind, the use of the proposed method
combined with robust superdirective beamforming techniqwes (such as [78]) becomes
particularly interesting.

4.5. Perspective work: extension to 3D

In this Chapter we considered acoustic images for 2D geomea#s. Notice however
that the approach can be extended to 3D environments using a lanar array and
the 3D parametrization described in Chapter 2. We have seemi Chapter 3 that the
generalization of the modeling procedure to the 3D case is @ trivial task. Given
the 3D parametrization described in Chapter 2, however, thegeneralization of the
analysis steps should be simpler. In order to construct theetically the visibility
regions we have to take into account the intersection with the non-convex Plucker
quadric in order to guarantee that points in P® correspond to real rays inR3. On the
other hand, if we map the real acoustic measurements into theay space, they will lie
automatically on the surface of the Plucker quadric and, theefore, no intersection is
needed. Furthermore, although the data lies on the quadric srface, the boundaries
between dierent primitives are still represented by linear constraints in P° (see
(2.11) and (2.14)). The planar array is subdivided in sub-arays. For each sub-array
the angular distribution of acoustic power is estimated through the computation of
a pseudospectrum and the collection of pseudospectra remented in the ray space
forms the plenacoustic image similarly as done in (4.6). To onclude, we can say
that it is possible to generalize the proposed approach to 3Dgeometries and the
considerations we made have general validity.
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4.6. Conclusive remarks

In this Chapter we proposed a novel approach to acoustic scenanalysis based
on the concept of plenacoustic imaging. We rst de ned the plenacoustic camera as
a device that captures the acoustic radiance along all the amustic rays that cross
an observation window. After discussing the process of iddgplenacoustic image
formation we introduced a possible implementation based omicrophone array, and
discussed its behavior in terms of resolution and aliasing.The larger the number
of microphones of the array, the greater the detail in the acgired images. Recent
progress in MEMS and integrated electronics technology suggests that the number
of microphones that can be managed in integrated arrays is ora growing trend.
Plenacoustic imaging can therefore become particularly usful for managing and
organizing the massive data that such devices will be able t@ollect.

One key aspect of this approach is that we are de ning a singléayer of space-time
processing (required for generating the plenacoustic imags), which can be shared as
is by a wide variety of applications. With the ray space parametrization described
in the Chapter 2, acoustic primitives such as sources and reectors, are mapped onto
linear features/regions of the plenacoustic image, which geatly simpli es acoustic
scene analysis algorithms. In fact, the plenacoustic imagig is a powerful analysis
paradigm for multiple reasons:

it turns problems of acoustic analysis in space and time intoproblems of pat-
tern analysis on images, which can be approached with methadfound in the
rich literature of pattern analysis, computer vision and multidimensional signal
processing;

image generation becomes a pre-processing step that remaithe same through
out a wide range of applications and is highly parallelizabé, thus paving the
way to the production of a shared hardware framework;

objects in the acoustic scene correspond to the image pattas that are easily
discerned and modeled, which simpli es pattern analysis/detection/extraction,
and enables super-resolution methods. Our de nition of theray space, in par-
ticular, makes such patterns linear, with clear advantagesn terms of detection
performance.

The applications addressed in the following Chapters have lie purpose of o ering
an initial proof of concept of these points and will be further explored and expanded
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in future works. In particular the Chapter 5 will focus on two speci c applications:

multiple near- eld source localization and re ector localization. These problems
have been addressed numerous times in the literature. For exnple a near- eld

bemaforming method for the localization of acoustic sourcg is proposed in [80].
Re ector localization methods were proposed in [81] and [5] These, however, were
ad-hoc solutions devised for the speci c problem at hand. Rénacoustic imaging, on
the other hand, gives us the possibility to adopt a common franework that can be
reused throughout an even wider range of problems.

We believe that this approach to the analysis could enable tle development of
novel solutions for a wide class of applications such as waveld analysis/extrapolation;
image fusion; image-based self-calibration; source segion; environment inference,
etc.
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Chapter

Application to environment awareness:

geometry inference

n this Chapter we use the plenacoustic images for geometry inf er-
I ence. In particular we look at the acoustic scene, i.e. obt ain an
overview of the sound eld distribution in di erent positio ns in space,
by taking a number of plenacoustic images. The resulting ple nacous-
tic images are then analyzed in order to reconstruct the geom etry
of the environment. Therefore we are imitating, to a certain extent,
the procedures used in computer vision where a number of imag es,
taken from di erent positions in space, are used for the geom etry re-
construction. In particular, knowing how the acoustic coun terparts
of geometric objects should occur in the ray space, we can sea rch the
pleanacoustic images for the corresponding patterns. Wher eas the
presence of multiple acoustic sources can be di cult to deal with in
traditional systems, using the plenacoustic images the con tributions
of individual sources are easily separated and all the sourc es (up to
the resolution limit determined by the non ideal acquisitio n process)
are localized simply by nding lines on the image. Once the po sitions
of direct and the image sources are estimated, the positions and the
orientations of acoustic re ectors are determined by ndin g mirrors
that, given the direct source position, produce the corresp onding im-
ages sources. Furthermore, while the traditional systems, based on
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small compact microphone arrays, estimate just the surface on which
the re ector lies, the spatially distributed observations capture also
the visibility discontinuities that can be used to estimate the re ector

extension. In particular, in the ray space the image source | ines are
windowed by the visibility region of the re ector that gen erates
the re ection. If the edges of this visibility region are aco ustically
visible by the plenacoustic camera the extension of the corr esponding
re ector can be estimated. Summarizing: line detection cor responds
to source localization while the edge detection correspond s to the re-
ector endpoint estimation. We nally show a set of simulati ons and
acoustic experiments that validate the feasibility and e e ctiveness of

the proposed method.

5.1. Motivations

Motivated by the recent progress in environment-aware audd processing, the in-
terest in the estimation of the acoustic properties of the enironment is steadily
growing [1]. Information on the environment, in fact, can be used for boosting the
performance of space-time audio processing algorithms pnaising to signi cantly
push the boundaries of audio signal processing. For exampl& can be successfully
exploited in the localization and characterization of souices in reverberant environ-
ments [82]; or for the compensation of undesired re ectiondn wave eld rendering
applications [83]. However, environment-aware sound praessing relies on knowledge
of the geometry and the acoustic proprieties of the environment, which need to be
measured or estimated in advance. Although the reconstrudbn of the environment
geometry from a series of images is a well known problem in cqouter vision, what is
visible in optics is not necessary visible acoustically andice versa (think about small
objects, transparent surfaces or low reverberant walls). Tis motivates the acoustic
probing and sensing in order to estimate the position of re etors. However, the
computer vision procedure in not easily extended to acousts.

In order to address this need, a number of techniques for theolcalization of re ec-
tive surfaces based on acoustic measurements have begun fopear in the literature.
These solutions, usually use the acoustic measurements (psibly along with prior in-
formation) to de ne nonlinear constraints on the location of the re ectors. Multiple
constraints (each associated to a di erent position of the surce or the microphone)
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are combined in a single cost function, whose minimization ields the estimated line
(2D case) or plane (3D case) where the re ector lies. The methds proposed in
the literature are generally very accurate but tend to dier from each other in as-
sumptions made and hardware used making some of them more sable for certain
scenarios than others.

One problem that often arises with the above iterative minimization process is
associated to the inherent nonlinearity of the cost functian, which causes the opti-
mization to get easily trapped into local minima. In additio n, when multiple re ec-
tors are in place, a preliminary clustering process is needkin order to understand
which re ector has generated which acoustic event, which tads to make the method
more complex to implement and more prone to errors. In this Clapter we propose a
method that aims at overcoming these limitations and extrading richer information
on the environment. In particular, we want to turn the re ect or estimation process
into a linear one. In order to do so, acoustic measurements Ive to be represented in
a space in which the re ector is described by linear constraits. We also want to be
able to manage multiple re ectors at once, therefore we nee@coustic measurements
to be organized and represented in a space that exhibits a higdegree of regularity.
This means that acoustic events coming from di erent re ectors need to be easily
discernible. With the method that we propose we also addressvo other important
needs: robustness against incomplete measurements; and/éd of detail in the ex-
tracted information. Incomplete measurements are frequetly due to the fact that a
re ector might turn out to be visible" from only some of the m icrophones. As for
the richness of the extracted information, we would like to be able to estimate not
just the location of each re ector but also its spatial extension.

In order to address all of the above requirements, we proposespace-time process-
ing algorithm conceived for microphone arrays whose spatleextension is comparable
with the operating distance (near- eld operation). This al gorithm is based on the
concept of the plenacoustic image introduced in the Chapted. In fact, the ray space
parametrization, used for the representation of the plenaoustic measurements (i.e.
the spatially distributed measurements of the sound eld), turns out to be quite
e ective as the geometric primitives of interest (acoustic sources, microphones, re-
ectors) are all represented in this ray space by regions thacan be clearly identi ed
and easily described by one or more linear constraints. As aansequence, localiz-
ing sources and re ectors becomes a linear procedure. Furdrmore, the increase of
dimensionality in the representation of the measurements fom acoustic images to
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plenacoustic images paves the way to the estimation of the @gnsion of the re ector,
as it allows us to observe the transition point between the alBence and the presence
of the re ective path coming from the re ector under study, w hich is necessary, in
turn, for the estimation of the extension of the re ector. In fact, most of the tech-
niques in the literature for geometry environment estimation use compact arrays,
which present, however, the disadvantage of sampling the smd eld in a limited
portion of space, thus enabling the estimation of the only petion of the environ-
ment that is visible from the array location. The compact arrays either observe the
acoustic event generated by the re ector or do not observe it all while, in order to
estimate the re ector extension, the measurement system sbuld be able to observe
the discontinuity in the presence of an acoustic event genated by the re ector.

5.2. Related work

The problem of nding re ective surfaces in the environment has recently been
addressed by a number of authors. The proposed methods wereedeloped mostly
for 2D geometries with possible extensions to 3D. All the métods assume valid
the hypothesis of optical acoustics, i.e. re ections undego the Snell's law. Usually
only the rst most signi cant re ections are considered. However, they dier in
equipment used and assumptions.

Most techniques estimate the re ector positions matching the estimated Room
Impulse Responses (RIRs) with template re ections or buildng constraints from
estimated Times Of Arrival (TOAS) or Directions Of Arrival ( DOAs). However, all
the methods suppose walls to be in nite and as a consequencéé re ections to be
always visible by the acoustic system.

In [36] a loudspeaker moves on a circular trajectory within a2D space and emits
the controlled noise acquired by a single microphone. A likéhood map is built as a
correlation between acquired signal and a template signallstained by simulating the
propagation of the signal with respect to all the potential obstacle locations. The
re ector position is found in correspondence of the maximumof the likelihood map.
In [37] the necessity for a priori knowledge of the source siwal is removed developing
a method based on inverse mapping of the multi path propagattn model. The
re ective surface is localized as the maximum of the pseudokelihood map de ned
as a spatial combination of generalized crosscorrelationuhctions between signals
received by a microphone pair.
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Authors in [35] propose a method based on a minimization of a @st function
obtained as a combination of a number of quadratic constraits. A single micro-
phone and a synchronized moving loudspeaker are used in a 2pace to obtain
constraints based on TOAs. A knowledge of a probing signal &ws extraction of
a RIR from the acquired signal applying a crosscorrelation peration. Maxima of
the impulse response give TOA measurements that de ne the lous of candidate
re ection points as an ellipse. Dierent source positions de ne dierent elliptic
constraints and the re ector is found as a line of tangency toall the ellipses. In
case of multiple re ectors the TOAs are labeled by means of a gneralized Hough
transform. This approach is modi ed in [4] to account for uncontrolled emissions
and unknown source location. A blind system identi cation technique is applied in
order to extract time di erences of arrival (TDOAS) associated with direct paths.
Successively TDOAs are used to estimate the source-micropne distance and as a
consequence the TOAs. In case of multiple re ectors the relgd ellipses are grouped
iteratively. The approach is further extended in [84] with an analytic (closed form)
estimator and a second stage correction based on a Hough traform for a more
robust solution. Another improvement is provided in [85], where the optimization
problem is turned into a linear least-squares problem. Findy, the localization of
planar re ectors is approached in [40], [41], [86]. All the &ove techniques use TOAs
as acoustic measurements. In [5] a di erent type of quadratt constraint is obtained
using DOAs related to re ective paths. DOA estimates are obtained using a circular
microphone array and applying a wideband Minimum Variance Dstortionless Re-
sponse (MVDR) algorithm [75]. With DOAs the re ector is boun d to be tangential
to a parabola having the focus in the source location and the reasured DOA as
directrix. Once again, multiple constraints are obtained for multiple positions of the
source. Notice that, in order to set up the parabolic constrant, the source location
needs to be known in advance.

In order to make re ector localization more robust to interf ering sources present
in the room and avoid measurement of RIRs (in case of the unknen source signal)
the authors in [78] propose the use of a robust MVDR beamforme[87], focusing
matrices and frequency smoothing [75], [88] for DOA estimdbn and the successive
extraction of signals originating from estimated DOAs by means of a superdirective
RLS-FIB beamformer [89]. Using the crosscorrelation analgis on extracted signals
the TDOA estimates are obtained. Finally, in combination with the information
about the position of the direct source, the re ector location is estimated. A sim-
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ilar procedure is accomplished in three-dimensional envonments in [81], using a
spherical microphone array and the EB-MVDR beamformer [90]

It is also worth mentioning the work in [38] where authors andyze the (invertible)
mapping between geometry of a convex polygonal 2D room and argle RIR and
develop an algorithm that retrieves the room geometry from the measured RIR.
Finally in [39] authors propose the method for re ector locdization in simple 3D
environments by means of a compact microphone array and an tegrated and syn-
chronized loudspeaker that probes the environment with a kiown test signal. The
estimated RIRs are tted by a non-parametric method with synthetically gener-
ated re ections. Re ections are validated and classi ed as1st, 2nd and 3rd order
re ections and used for re ector localization.

5.3. Problem formulation

Consider the scenario in Figure 5.1, where a linear microphte array is installed in
an environment. The acoustic scene is composed by the sourgeg and the re ector
XaXp. We consider re ectors in the environment to be linear. Along with the direct
signal coming from the sourcex s, sensors in the array capture also a delayed and
attenuated replica of it, coming from the specular re ection from xaXxg. According
to the Snell's law re ections can be thought as originated fom image sources ob-
tained by mirroring the source with respect to re ectors (image sourcex so shown in
Figure 5.1 (a)). Our objectives are: estimate the location & the re ective surface;
and estimate the location of its endpointsxa and xg, under the assumption that
they are acoustically visible from the microphone array. Due to the specular re-
ection law, in fact, only a portion of space is relevant to the re ective path. More
speci cally, the visibility of the image source x so is limited in space by the extension
of the re ective surface. In fact the rays originated from the image source are bound
to intersect the re ector, as illustrated in Figure 5.1(a). In order to estimate the
endpoints x o and xg of the re ector we observe the discontinuity of the presence
of the re ective path when x s is moved at di erent positions in space.

A schematic overview of the algorithm is shown in Figure 5.1 b). The signals
coming from the array are processed and the plenacoustic ingg in the ray space is
obtained. From the plenacoustic image we are then able to eghate direct and image
source locations, which are then used to estimate the re edr location. When the
environment is probed from multiple source locations we arealso able to estimate
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the re ector endpoints. To this purpose the algorithm uses toth plenacoustic images
and source locations.

o Xg: IMage! Acquisition
'/  source measurements

‘ Plenacoustic image ‘

images
, .
x, Re ectol x v
4 " mU|t|D|ei/ Source localization |
Images multiple! sourcel
y ) 1 source! osi tiof
Y positions P
X X il Y - Y Y .
M/;r\\}?\& S A;:Srsgéc' Relector endpoints Relector line
i’ %hon, or. XM estimation estimation
“Arqy,
X re ectorlendpoints re ectorlline!
(a) (b)

Figure 5.1.: (a) Problem setup: a microphone array captures the sound eld produced by an acoustic source
within an environment with a single re ective surface; (b) S  teps of the re ector estimation procedure.

In the next sections we describe the algorithms for geometryeconstruction using
plenacoustic images. We start from the case of a single re ¢iwve surface. As de-
scribed in the block diagram in Figure 5.1, in order to localize the re ector we need
beforehand to localize the acoustic source. At this regardwe initially devise an
algorithm for the localization of a single source through pknacoustic images, either
the direct or the re ected one. In order to localize the re ector, we then extend the
methodology to the case of multiple sources. Finally, we prpose the technique for
the localization of multiple re ectors along with their ext ensions.

5.4. Source localization

In this paragraph we discuss the localization of acoustic sarces from plenacoustic
imagesl (1) (4.6). We will proceed with the example of localizing the image source
Xso in Figure 5.2 (a). Notice, however, that the same algorithm ould be used
for localizing the direct source. In Figure 5.2 (a) only Nso microphones sense the
re ective path from X go. The setVso of microphonesx; that sense the re ective paths
originated from the image sourcex so is found by considering only the pseudospectra
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that exceed a predetermined threshold , i.e.

Vso= fi j max(Pi(l)) > max(l (1))g: (5.1)
We then localize the maxima of the pseudospectrd;(l);i 2 Vso, i.€.

123 = arg m?x(Pi(I)); i 2 Vso (5.2)

;" estimated
edge ray

Vestimated /1

5 X{w+1y2  \Image source
estimated" ‘ X\ XA XB
edge ray edge ray
X l
(a) (b)

Figure 5.2.: (a) Con guration in the geometric space; (b) Co nguration in the reduced ray space: linear
regression is used to estimate the image source position xgo; the edge ray | is found at the intersection
between the image source line Xgo and the edge of the re ector's visibility region ~ Xa .

The rays Tg% i 2 Vgo, are originated from the image sourcexso and, therefore,
they should all stay on the line Xso in the reduced ray space, as depicted in Figure
5.2 (b). Thus, using (2.2), we can write

1T xs0=0; i 2 Vs, (5.3)

wherex so are the homogeneous coordinates ofso. We write the set of N so equations
(5.3) in a matrix form as

M goxgo = 0; (5.4)
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where the matrix M go = [1\(5%); Sié); :::;1\2?3°)]T, i1;12;5INgo 2 Vso has dimensions
Nso 3. If we write M go=[Hgo; Qso] we can reformulate equation (5.4) as

|q S0X g0 = aso ; (55)

where A 5o and 850 have dimensionNgo 2 and Ngo 1, respectively. Finally, we
estimate the Cartesian coordinates of the image source pdgin Xso as the least-
squares (LS) solution of (5.5),

Rso= (A LA g0) A Ll so: (5.6)

The source localization turns out to be a linear problem in the ray space as it
consists in tting a strait line to a set of points representing rays originated from
the acoustic source. This procedure corresponds in the geatric space to nding the
intersection between all the lines going from microphones; with the corresponding
DOAs % = argmax(P;i( )), 1 2 Vgo, as illustrated in Figure 5.2 (a).

5.5. Re ector line estimation

The line containing the re ector, |ag, can be estimated using the estimated image
source position® so and the source position®s. In fact, the line on which the re ector
XaXp lieslpg is the axis of the segmentx sx so. Thereforelag is found by imposing
that xgo Is a mirrored version of x5 across the re ector line Iag as illustrated in
Figure 5.3.

Given Rso and Rs (homogeneous coordinates of the image source and source,
respectively) and using (2.3), the line joining the source ad the image source is given
by lsso = [l1ss0; l2ss0; Iasso]” = Xs  Rso, while the line 19=[19;19;19]" = %s  Rso
is the line passing through the origin (3 = 0) perpendicular to Isso as it has the
negative reciprocal of the slope ofsso, i.e. 19=19 =  I,550=l1550. The re ector line
lag =[l1a8 ;l2a8 ;1328 ]T has the same direction ag®but it passes through the middle
point Xm = 3(&s+%Xs0), i.e. X 1ag = 0. Given [l1ag ;l2a8]" = Rs  Rso we have to
nd the third coordinate Izag such that xl1ag = %(k‘s+ R50)T (Rs Rgo)+ Izag = 0.
Finally we get > 3

Rs Rgo

Tag = 4 5: 5.7
A8 L®IRe0 2LRe) 7
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Xg

0,0 X

Figure 5.3.: Re ector line estimation.

5.6. Re ector endpoints estimation

Consider now the plenacoustic imagd (l) that captures the re ection originated
from the image sourcex so generated by the re ector xaxg. For the sake of clarity
in the illustration, we assume in this example that only the image source is visible in
I (I). As observed before, not always all the microphones senseghmage source so.
It may happen that the image source is visible only from a limited set of microphones
in the array, due to the fact that re ective acoustic paths ar e bound to pass through
the segmentxaXxg, as depicted in Figure 5.2 (a). In the ray space the visibiliyy of
Xso is limited by the dimensions of the re ector, as depicted in Hgure 5.2 (b). The
edges of the re ector visibility region, X5 and Xg, are related to the endpointsx a
and xg. As a consequence, observing the edges of the visibility rem in the ray
space allows the estimation of the re ector's endpoints in he geometric space.

5.6.1. Edge rays

To be observable the edge¥a and Xg should be illuminated by the image source
Xso. By knowing the image source position and the last microphoe(s) that sense
the re ective paths originating from the image source we canestimate the edge
ray(s) that lie on the edge of the re ector's visibility region, Ia = [l1a;l2a;l3a]"
and/or Ig =[l1g;l28;138]". In the following analysis we consider specular re ection
only, for the discussion of a case in which diraction become signi cant see the
considerations 5.10 at the end of the section.
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We start nding the point of intersection between the edge ray 1o and the mi-
crophone array. Using (5.1) we nd the last microphone(s) that sense the re ective
paths originating from the image source. Let us suppose thak is the last micro-
phone that does not sense the image source, ands+; the rst one that does (see
Figure 5.2 (a)). Due to the nite number of microphones, we cainot estimate the
exact point where the edge rayl intersects the array. However we know that this
intersection point is betweenx and Xe+1. We expect that in average it intersects
the array in the middle point x; = (Xe + Xe+1)=2 and, therefore, we usex; as the
best estimate of the intersection point between the edge raya and the microphone
array.

Given the intersection point estimate x; and the image source position estimate
Rso, wWe estimate the edge rayla as the line joining x; and Rso in the geometric
space (see Figure 5.2 (a)) or, equivalently, as the intersé&on of lines X; and Xgo in
the reduced ray space (Figure 5.2 (b)). Therefore, we can wie

k—srolA = 0,

(5.8)
X{la=0:

Notice from (5.8) that |, is a vector spanning the null space of®so; x¢]". Under
the assumption that Isa 6 0, we can normalize it to 1 (recall that line parameters
are scalable). IndicatingG = [®go;x{]" and 1 =[1;1]", we can write

Gly= 1
and thereforel, =[11;154]" = [l1a=l3a;12a=I3a]" is given by
= G 1. (5.9)

The edge ray estimate is nally given by T4 = [T.7;1]".

5.6.2. Endpoints

A single edge ray is not su cient for the estimation of the re ector endpoints.
We can easily visualize this fact in the ray space. In fact, tle re ector endpoint
corresponds to a line in the reduced ray space and the found gé ray lies on this
line, as it originates from the endpoint (see Figure 5.2). Tterefore, in order to
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(Na ) estimated resector endpoir

Xg

(b)

Figure 5.4.: (a) Con guration in the geometric space; (b) Co nguration in the reduced ray space: linear
regression is used to estimate the re ector endpoints xa and xg ; intersection between Xa and Xg represents
the re ector line Iag , i.e. the line joining the endpoints xa and xp .

infer a line from points lying on it we need at least two points, i.e. two edge rays.
In the geometric space this means that di erent endpoint postions can cause the
same visibility discontinuity (edge ray) to be observable ky the microphone array as
evidenced by the black dots in Figure 5.4 (a). For this reasonthe estimation of the
endpoints of the re ector is possible when at least a couple foplenacoustic images,
acquired for di erent source locations, are available, as lsown in Figure 5.4 (b).

Moving Xxg at dierent locations we acquire a number of di erent plenacoustic
images and as a consequence a number of edge ré‘ﬁ%, i =1;:;Na and 1\(”,
j =1;:::;Ng (see Figure 5.4 (b)), which lie on the edges of the visibilityregion, i.e.
on the linesXa and Xg. By tting lines to edge rays we estimate re ector endpoints
Xa and xg. In a similar way as done for the source position in (5.3), (%4), (5.5)
and (5.6), we estimate the re ector endpoint positions usirg the LS method

Ra=(ARAA) *ALdA;

.10
RB :(ququ) 1|q-|£6|3; (5.10)

where the matricesA o, A g and the vectorsda, dg are formed analogously toA o
and Qso, respectively.
As a consequence, the endpoint estimation is, once more, anéar problem in the
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ray space. Fitting lines to edge rays in the reduced ray spaceorresponds in the
geometric space to nding the intersection of the given edgerays, i.e. nding the
endpoint position as shown in Figure 5.4 (a).

5.7. Performance analysis

In order to analyze the accuracy of source and re ector endpiot estimators we
derive expressions of second order statistics of estimatan (5.2), (5.6), (5.9) and
(5.10). We start considering the accuracy of (5.2). The poits 1‘(5'3 correspond to
maxima of P;(l), i.e. to the maximum of P;( ). The maximum of P;( ) is the es-
timated direction of arrival Ai = ;+ i, where ; is the estimation error. Given
the DOA estimation technique we suppose that we know theNso Ngo covariance
matrix of the Ngo estimates '\i, C , which depends on the the beamforming method,;
the number of microphones; their spacing; the signal frequecy; direction of arrival;
and the signal-to-noise ratio (SNR). The statistical perfoomance for the most used
bemforming techniques can be found in [91] or alternativelyestimated from exper-
iments/simulations. We suppose DOA estimates to be unbiase, i.e. ; to be zero
averaged.

Supposing small errors on DOA estimates we can expanﬁ(sig = Ig%(’\i) in the
rst-order Taylor series around the true value I(') = |g3( i), i.e.

_ (I)

9 18+ % ¢ (5.11)
Using (5.11) we approximate the covariances of estimated pots as
h | h @)yn @) n (i) n (i) n !
Cigo, = E (|50(ri1) Elgo ("D () Elds( j)])Ti
BN CIOREE RN

(i) h A 0 (5.12)
.@o()E(i i)(j J)@@f)

@) all( )
= S@%i [C ]IJ J

@;
whereE[] is the expectation operator;[C ]ij indicates the covariance between DOA

ﬁstimlates’\i and A, ; Cigo Is the 3Nso 3N so covariance matrix of estimated rays and
Cigo . indicates the3 3 submatrix containing the covariances between coe cients
i
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of raysT(Si?J and 1‘(510) From (4.5) with k =1 and, for simplicityy, = =2 we obtain
al(’ r
@ =[sin( i);cos(i); sin(i)xi cos(i)yi] : (5.13)

If we replace (5.13) in (5.12) we get the desired covariance atrix.

We now analyze the accuracy of the LS estimation of the imagecmrce position
given by (5.6). The estimatesTg are a ected by estimation error 1€ so , whose co-
variance matrix is given by (5.12), i.e. 1) = 18 + 15, where Q) is the true value

of the given ray. As a consequence, in (5. 4) the matrixM go is a ected by error
M &) = (155015520 A, ('NS")]T 1310555 ingo 2 Vo, . Mso= Mo+ M$J, where

M so is the matrix that contains the true values |g3 i 2 Vgo. Therefore, writing

Mso=[Hso; dsiandM$d =[HL); diJ], in (5.5) both Agoand Ao are a ected
by estimation error, i.e. Aso= Hso+ HSJ and 8so= dso+ d{

Notice that, given the presence of noise in the data matrixH so and not just in
the observationsdso, the ordinary least-squares (5.6) is in general biased. Fothe
derivation of the variance of estimates we assume this biasot be negligible. We
model both errors as additive noises

|q30XSO = 650
(Hgo+ Hgo))Xsoz dgo+ d()
H soxso = dso H(50X50+ dgo.
and write
Hgox g0 = dgo+ ngp;
where the noise termnso is given by
Ngo = H(S) Xgo+ d(SO) = M go)Xso
Given the covariance matrix in (5.12) we compute the covarance matrix of ngo as
h i h i ) (T i h i
Cneo . ' E nsong0 = E ( X &oly Y 137 xs0) = x& Cigp . Xso
i 1
= [sin( i):COS( N(xso xi)[C I [sin( j);cos(j)l(xso  Xj):

(5.14)
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The covariance matrix of LS estimateXso in (5.6) is then approximated by
h i h i
Cxeo= E (Rso E[Rso)(Rso E[Rse)T ' E &X‘so Xs0)(Rso  Xsgo)T
|
" (HiHso) THEE nsone Hso(HIHso) *
= ( H goH SO) 1H EOCI’ISOH SO(H goH SO) l:
(5.15)

The estimate in (5.9) is a ected by two independent kinds of eror:

1. Error x()

on the intersection point estimate X;{ = Xjn + xt (Xint being
the true intersection point) caused by the sampling of the aray. This error
depends on geometry and is constant for given source and arrgositions. As
a consequence it adds a bias to the estimation of, that can be controlled

decreasing the spacing between microphones;

() on the image source position estimate®so = X 0+ x(SO with covari-

ance given by (5.15). This error is caused by the discrete nate of the array,
which causes blurring to appear in the plenacoustic image.

2. Error Xg

Notice that 6 = G +[x50,xt T: equation (5.9) becomesGl , 1 [x! So,xt )]TI
and, supposing the bias to be negligible, the variance of thestlmate |, is approxi-
mated as

i

h
var(lf)' E (i A)(? 1A)T

3
()T 3 10 2 (,,)T 3 1
- gfac 1 4" ()T )+ G A@G Y1 4 o Sl)+ G 1A S
X
22 3 ) 3 2 ! 3
|
G 1gas S ag TxQTx) 56 T=g 14 Os5g T,
x§ )TIA 0 ¢
(5.16)
where E[(I 1/ x 3)(x( T )] =0; given the covariance matrix (5.15),
h
cso' E (IAx N(x& |A) = IJE xggxggT Ia = 1A Cxeola

and ¢ E[(IAT ))(x( T I,)] = 0. For the multiple ﬁdge ray est|mates1\ (')

ih= 1;::::Na we have the covariance matrGC|A with C|A ' = var(l (')) and
| . .

Ci, i = 0 fori 6 ] as dierent edge rays, IA(') and IA(”, are obtained with di er-
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ent observations, i.e. moving the source, and are thereforencorrelated.
Finally the covariances of estimates in (5.10) are obtainedsimilarly to (5.15)

Cxs =(HAHA) HACh, HA(HAHA) & (5.17)
Cxg =(HEHg) HECh Hg(HEHE) 1

h
[Cnali = XA Ci, . Xa;
Na lii Ah (5.18)

Ajii

where, given (5.16),
[Cngli = X§ Ci, . XB:

The given analysis can be used to assess the performance oktlystem without
the need of running a set of time-consuming Monte Carlo simwdtions. Furthermore
the theoretical covariance matrices can be used to improvehte estimation accuracy

as detailed in the nex section.

5.8. lterative WLS estimation

The previous performance analysis is useful not only for sysm design but can
also be used to improve the estimation accuracy. In fact, if & apply the weighted

least-squares (WLS) estimators in (5.6) and (5.10) becomeespectively
Rs0= (A LW soP s0) A ToW sofla ;
Ra = (AAWARAA) AW AQa;
®s =(AfWgHAR) 'ALWsds;

(5.19)

and, as a conseqguence, the covariance matrices in (5.15) a6l.17) are, respectively

Cxeo= (HEIW soH g0) *H LW 50C oW SoH so(H LW soH s0) L
Cxp =(HAWAHA) "HAWACH, WAHA(HAW aAHA) 1
CXB =(HEWBHB) 1HEWBCnBWEHB(HEWBHB) 1:
If Wso= C%, Wa = Cpl andWpg = C,} we obtain the maximum likelihood
(ML) [92] estimates of g0, Ra and R, with

Cx o:(HgocanS") L Cxa :(HXCnAlHA) L Cxg :(HECnE:;LHB) L
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5.9. Multiple sources and re ectors

However covariance matricesCn,,, Cn, and C,, depend on source and re ec-
tor positions (see (5.14) and (5.18)) and therefore they canot be known a priori.
Nonetheless we propose an iterative algorithm that approalces the ML estimator.
The algorithm works as follows:

1. obtain initial estimates Rgo0, 4 and Rg with Wgo= I, Wa =1 andWg = I;
2. compute €, €n, and €, for the estimated positions;

3. obtain new estimates®go, 25 and g with W go = Cnslo, Wa = €,1 and
WB = é 1.

ng?’
4. repeat from step 2.

The iterative procedure stops when a prescribed number of érations is reached. The
simulations presented at the end of this Chapter, and in partcular the simulation 3

for re ector localization, show that the algorithm gets close to the ML performance
in just one iteration, with a signi cant gain with respect to the LS estimates.

5.9. Multiple sources and re ectors

In this paragraph we extend the detection method to the case bmultiple sources
and multiple re ectors. Some modi cations are necessary inorder to account for
the presence of multiple objects in the acoustic scene. Fo this extension the use
of the ray space becomes very useful.

On the plenacoustic image the contributions of di erent objects can be fairly
easily distinguished and extracted. Consider the case whemultiple sources (direct
and image, for example) are present. The pseudospectra acmed by each sub-
array presents a number of peaks corresponding to Directios Of Arrival of di erent
acoustic sources. Therefore, a labeling problem arises, age need to keep track
across all the pseudospectra of which DOA corresponds to wtth source. On the
other hand, if measurements are represented as plenacoustimages in the reduced
ray space, they naturally cluster around the searched soukpositions. In fact, points
corresponding to rays coming from the same source should atay on the same line,
i.e. on the ray space representation of the given source. Thiis true also for the
clustering of edge rays corresponding to di erent endpoins as they are represented
as lines on the image as well. Without the ray space represeation keeping track of
which edge ray corresponds to which endpoint would be a moreidult problem.
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5. Application to environment awareness: geometry inferene

The estimation procedure in the case of multiple sources ande ectors is sum-
marized in Figure 5.5. First, when multiple image sources a present, we need to
distinguish among di erent sources. We do this through the Hough transform. We
then check the presence of edge rays for all the estimated smes. The estimated
edge rays are then clustered in turn, each one related to theigkrent endpoint. By
tting lines to the points of each cluster we estimate the (visible) endpoints of all
re ectors in the environment. Details of each step follow.

Hough transform

Image (Reduced Ray Spacé@

Figure 5.5.: Estimation steps: 1) acoustic image is obtaine d from acoustic measurements; 2) Hough transform

is used in order to nd lines in the image; 3) positions of the i mage sources are estimated; 4) for each position
the beamforming techniques are used in order to test the visi bility of the image sources; 5) if observable

the edge rays are found and mapped to the ray space; 6) a number of edge rays are obtained moving the
acoustic source; 7) clusters of edge rays are used to estimate re ector endpoints.

5.9.1. Localization of multiple sources

Let us consider the problem of localizing multiple acousticsources. The rst
step is the disambiguation of measurements (DOAs, TOAs, TDQAs) obtained from
the arrays and their matching to the corresponding sources. Disambiguation of
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5.9. Multiple sources and re ectors

TDOAs, for example, can be performed as in [93]. A method for ratching mea-
surements and sources is proposed in [94], based on a Guasslikelihood function.

When using plenacoustic imaging, the disambiguation and paing of information is

greatly simpli ed because sources are imaged as well-distguished linear features.
Disambiguation can be readily accomplished using a Hough ansform ( [95], [96])
on the plenacoustic image. A detailed description follows.

In presence of multiple sources;(l) exhibits multiple peaks, one for each visible
source. We select these peaks by nding local maxima irP;(l) that overcome the
threshold max(l (I)):

Li=fljPi(l ) <Pi()>Pi(l+ 1);
Pi(1) > max(l (I))g:

where | de nes a neighborhood in which local maxima are found. By nding the
local maxima of all P;(l) we obtain the set of peaks on the image® = fL ji =
(W+1)=2;:::;M (W +1)=2g. This set contains rays (peaks) generated by di erent
acoustic sources s, ,j =1;:5 Ny, whereN, is the number of sources. Each acoustic
sourcex g, corresponds in the reduced ray space to the lin&s,. As a consequence
the rays in P generated by di erent sources should stay on di erent lines Starting
from the set P, these lines can be found using the Hough transform [96], [9,7[98].
The Hough transform parametrizes a straight line in two dimensions as

%= xcos()+ ysin( ); (5.20)

where is the angle of the line's normal; %is the distance between the line and
the origin and x and y are the coordinates of the point on the image that, in our
case, correspond to the coe cients of the reduced ray spacesed to represent the
plenacoustic image. In particular, in simulations and expeiments we obtain the
reduced ray space using the cutting pland, = 11 and, as a consequence, we have
X = Iy, y = I3. The Hough transform (5.20) becomes

%= l,cos()+ Izsin( ): (5.21)

IRecall that this particular choice of reduced ray space is fully equivalent to the projective ray
space except for the rays that are parallel to the x-axis, which we cannot represent because they
have I; = 0.
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5. Application to environment awareness: geometry inferene

A point (ray) in the plenacoustic image maps to a sinusoidal crrve in the Hough
space. This sinusoid corresponds to all the lines passing tbugh the given point
on the plenacoustic image, which in turn correspond to all the points that the ray
encounters in the geometric space. Points in the Hough spaceorrespond to the
lines on the plenacoustic image, i.e. to the points in the gemetric space. The rays
P that lie on the same lineXg, (sourcexs;) in the plenacoustic image map in the
Hough space to sinusoids that intersect in the same poin{%; ;). The point (%; ;)
(Hough space) parametrizes the lin&X's; (plenacoustic image) and, consequently, the
source positionxs; (geometric space).

In order to estimate the positions of di erent sources the peaks P are clustered
using the Hough transform as follows. First the accumulator A (%; ) is initialized
asA(%;) =0, %=0; %2 %;:; =0; ;2 i, where %and are
the sampling steps used for the quantization of the Hough spee. For eachly 2 P
the values (%; ) of (5.21) are calculated and stored in the accumulatorA (%; ).
In particular, for each value (%; «), the corresponding bin of the accumulator is
incremented

A(%; )= A(%; «)+1:

The N, accumulator bins with the highest count represent the paraneters (%, ;)
of the N, linesXg, j = 1;:;N;, on the plenacoustic image. From (5.21) we have
the lines

% +cos( j)l2+sin( j)lz3=0;
%Iy +cos( j)l2+sin( j)Iz=0;

%
sin( j)ll

* et 1s=0;
x§1=0;
and the estimates of the source positions are, therefore,
#r
% .cos(j) ..

Rg = sin( j)’m 7 ) =10 Ny (5.22)

As we can see, source localization and, in particular, the mrblem of disambiguat-
ing measurements and matching them with sources is here tumd into a pattern
analysis problem performed on an image. The fact that the paterns are linear,
turns the localization algorithm into a linear procedure, which is quite a desirable
feature.
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5.9.2. Identi cation of edge rays

As in the case of a single re ector, the visibility of image saurces is limited by
the dimensions of the corresponding re ector. We determinghe set of microphones
that sense the re ective path from the image sourceQSjo, j =1;:5 Ny (N, being the
number of image sources) by testing if the microphonex; receives energy from the
direction of a given image source, i.e. we nd

Vso = fijPi(l)) > max(l (1)); kgjol,- =0g:

Given the visibility information Vsjo and the estimated image source positiomsjo
the edge ray(s) are estimated as described in equations (5.&nd (5.9).

5.9.3. Estimation of visibility region edges

Given the set of edge raysE estimated from a number of plenacoustic images we
want to estimate the visible endpoints of all re ectors in the environment. As the
endpoints represent lines in the plenacoustic images, thedge rays cluster along lines
in the reduced ray space as depicted in Figure 5.5. Each lineepresents the edge of
the corresponding visibility region, i.e. the endpoint of the corresponding re ector in
the geometric space. Therefore, we adopt, once again, the kgh transform in order
to cluster the estimated edge rays and locate lines on the inge. The procedure
for the estimation of endpoint positions from the set of edgerays E is completely
equivalent to the procedure described for the estimation ofsource positions (5.22)
from the set of raysP.

5.10. Considerations

In this Chapter we considered only specular re ections in oder to estimate the
re ector position and extension. However this does not mearnthat the estimation
could not be performed in the presence of diusion and diraction. In presence of
di usive paths the microphone array receives rays originaed from all points on the
re ector. As a consequence, the presence of diusive pathsheuld brighten up
the whole re ector's visibility region and re ector positi on and extension could be
estimated from a single plenacoustic image without the needf a moving source.
However, as already observed, the ideally di usive surface are rare in acoustics
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and, due to the limited resolution of the real plenacoustic @amera, di usive paths
are hardly observable in presence of the much stronger spelew re ections.

On the other hand, if present, diraction could be used to extract the re ector's
edge point directly from a single plenacoustic image. In fai; due to di raction the
edge acts as a secondary source, in the ray space the line cesponding to its position
should brightens up and, therefore, the position of the di raction edge could be
estimated using the source localization procedure. Howevein this dissertation no
experiments were conducted to verify if the di raction path s could be distinguished
from the specular ones on the plenacoustic image, and it renias a topic for further
research.

5.11. Results

In this section we show the results of some simulations and @eriments to validate
the applicability of the proposed approach and its performance.

As the geometric information does not depend on frequency, eruse the wideband
Minimum Variance Distortionless Response (MVDR) beamformer [75] to obtain the
plenacoustic images (see also the Appendix C). In particulg the pseudospectra ac-
quired in di erent frequency bands are used to compute the wileband pseudospec-
trum

¥
Pi()= Pi();
k=1
where k is the index of the sub-band centered at frequencyfy and P ( ) is the
corresponding pseudospectrum. Furthermore, given the rests of the resolution
analysis performed in the section 4.4.1.2, in all simulatios and experiments we
subdivide the microphone array into sub-arrays with 3 micrgohones (i.e. W = 3).

In some of the tests plenacoustic images are shown. As dedwed in Chapter 4
they are composed by a nite number of lines in the ray space. &r clarity of visu-
alization, however, images are shown over all the visible igion of the plenacoustic
camera by means of an interpolation procedure. Nonethelessll the estimations are
accomplished on non interpolated plenacoustic images. Aimulations and experi-
ments (except simulation 3 for re ector localization) use the LS estimator outlined
in paragraph 5.6.
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5.11.1. Multiple source localization

In order to numerically assess the accuracy of the above soce localization algo-
rithm we performed two simulations and three experiments:

Simulation 1 examines the performance of the localization of two sourcef®r
di erent values of the angular separation;

Simulation 2 examines the performance of the localization of two aligned
sources;

Experiment 1 presents experimental results for localization of alignedources;

Experiment 2 presents experimental results for localization of two souces
at di erent distances;

Experiment 3 shows the experimental result of the challenging scenario ith
four acoustic sources.

X1

X2

1:25m

(a) (b)

Figure 5.6.: Setup for the simulations to assess the accurac y of multiple source localization: (a) setup of the
rst simulation; (b) setup of the second simulation.

Simulation 1

The setup of the rst simulation is shown in Figure 5.6 (a). The two sources,
the rstin x1=[0;1:25m]" and the second inx, = [1:25sin( );1:25cos( )]",
produce independent noises in the vocal bandwidth(300 400(Hz). The signal
acquired by the sensors is aected by an additive gaussian eor with a SNR of
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20dB. Simulations have been performed with the ULA camera of 15microphones
spaced by0:11m.

An example of the acquired plenacoustic image is shown in Fige 5.7. The dashed
lines represent the duals<; and X, of the sources. Circles mark the peaks of the pseu-
dospectra corresponding to the two sources. Crosses are &ied in correspondence
of secondary peaks. In order to localize the multiple sourcewe need to distinguish
between primary and secondary peaks and, at the same time, agn peaks to the
corresponding sources. This can be readily accomplished ing a Hough transform
as described in section 5.9.1. The Hough transform, in factdetects collinear local
maxima and nds the parameters of the related lines, which beome an estimate of
the sources. In order to achieve su cient accuracy in sourcelocalization, however,
we need the grid density of the Hough map to be prohibitively brge. This is why
the Hough transform is here used only to nd a rst approximat ion of the source
locations, which allow us to assign the peaks to the correspumling sources. A better
estimate of the source locations can then be obtained througlinear regression over
measurements of the same source as described in section 5.4.

Figure 5.7.: Plenacoustic image with two sources.

The localization experiment is repeated for each location bx, forty times, each
with a di erent noise realization. Figure 5.8(a) and (b) show the localization error
of x1 and X, respectively, as varies from 10 to 80 . The error on x; is nearly
constant. On the other hand, the localization of x, is possible only for 60 .
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Beyond that angle the resolution loss becomes too relevantot guarantee a correct
localization of peaks inl (1).

0.0 ‘ ‘ ‘ 0.8
0.04
0.6-
E0.03 E,
— N
x < 0.4
g‘ 0.02 g
0.2
0.01
O n n n L L
20 40 60 80 20 40 60 80
", [deq] ", [deq]
@ (b)
Figure 5.8.: (a) Localization error of x1 as a function of the angular di erence depicted in Fig.5.6(a);
(b) Localization error of x2 as a function of the angular di erence depicted in Fig.5.6(a).
Simulation 2

Figure 5.6 (b) shows the setup of the second simulation. Theaurces are aligned on
the line x = 0. The rstsource isin x; =[0;1:25m]", and the second one is irx» =
[0; d]". dranges betweerD:2m and 2:2m. We use the same array con gurations
and source signals adopted for the previous simulation. Nate that in this setup the
ray space representations<; and X, of the two sources meet in(l1;12;13) = (1;0; 0)
(i.e. the ray corresponding toy axis), which makes the localization more challenging.
An example of a plenacoustic image for sources aligned aloribe y axis is shown in
the Figure 5.9. Localization techniques based on the tradibnal concept of acoustic
camera would fail in this scenario due to mutual occlusion b&veen sources. We
show that plenacoustic imaging makes localization still pesible for a wide range of
distances d. Localization results are shown in Figure 5.10. The method garantees
a good localization accuracy whenx,; and x, are not too close to each other. The
error on x» increases as it moves far away from the array, as the limited ithension
of the observation window, compared to d, reduces the localization performance.
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Figure 5.9.: For the sources aligned along the y axis the ray space representations X3 and X» of the two

sources intersect in (l1;12;13) = (1 ; 0; 0).

}/

1.5

0.5

0.25
0

[w]rx Tyl

" d[m]

(b)

" d[m]

(@)

d depicted in Fig.5.6(b); (b)

x1 as a function of the distance

(a) Localization error of
Localization error of X2 as a function of the distance

Figure 5.10.:

d depicted in Fig.5.6(b).

Experiment 1

We also conducted experiments to verify the accuracy of the lgorithm on real-
world data. All the experiments are conducted in a low-reveberation room with a

ULA of 16 microphones spaced by0:06 m. The rst experiment follows the setup

[0;1m]",

d]", while d ranges betweenl:4 m and 2:6 m.

Localization results are shown in Figure 5.11. As seen in thabove simulations, also
in this case the localization improves as the distance betwen x; and X, increases.
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0.25
0.2

= —-Source 1
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" dim]

Figure 5.11.: Experimental results for the setup shown in Fi g. 5.6(b).

Experiment 2

Figure 5.12 (a) shows the setup of the second experiment. Twacoustic sources
are placed inx, = [ x=2;1:5m]" and x1 = [ x=2;1:5m]", respectively. The
distance X between sources ranges frond:2 m to 1:8 m. Results in Figure 5.12
(b) show that an accurate estimate is obtained even for x = 0:2m, i.e. when
the sources are very close to each other. As x increases the estimation error rst
diminishes and then increases again due to resolution loss.

y 0.0
0.06
E
X =< 0.04
@ L -
X1 X2 x
0.02
1:5m
——Source 2
0O 0.5 1 15 2
X " X[m]

(@) (b)

Figure 5.12.: (a) Experimental setup: two sources lie on a li ne that is parallel to the x axis at a varying
distance x; (b) Results of the second experiment.
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Experiment 3

In the third experiment we tested the system in a more challerging scenario of
four acoustic sources. The setup and the estimated source pibions are shown in
Figure 5.13 (a)(b). Crosses and circles mark the estimated red actual locations of
the sources, respectively. Figure 5.13 (d) shows the acqud plenacoustic image. In
order to assess how well real data match simulative data, Figre 5.13(c) shows the
simulated plenacoustic image. Notice that the modeled and equired plenacoustic
images are, in fact, very similar, thus con rming the validity of the model. The
algorithm is able to correctly discriminate between contributions of di erent sources
and estimate their positions due to the fact that the corresponding peaks naturally
cluster on lines on the plenacoustic image, as shown in Figer5.13(d). As expected,
the estimation accuracy is better when the sources lie closgo the center of the

array.

5.11.2. Re ector localization

Tests are organized in seven di erent sessions:
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Simulation 1 shows the performance of re ector line estimation as a fundbn
of the distance between camera and re ector;

Simulation 2 is aimed at verifying the accuracy of the re ector endpoint
estimator as a function of the number of microphones;

Simulation 3 compares analytical and simulated performances of the algo
rithm at di erent values of the signal-to-noise ratio (SNR) and the gain ob-
tained using the iterative algorithm described in paragrapgh 5.8;

Simulation 4 compares the performance of the proposed algorithm with a
state-of-the-art technique;

Simulation 5 is an example of localization of multiple re ectors;

Experiment 1 consists in re ector line and re ector endpoint estimation in
a real world scenario;

Experiment 2 shows the applicability of the method in more complex envi-
ronments.
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Figure 5.13.: (a)(b) Experimental setup with four sources p resent in the acoustic scene; (c) Modeled plena-
coustic image; (d) Acquired plenacoustic image.

Simulation 1

We tested the accuracy of the re ector localization algorithm through simulations
based on the setup of Figure 5.14. The source is ixg = [0;0:5m]", and the re ector
is at a distanceD from the x axis, which ranges from0:6 m to 1.5 m, and it is parallel
to it. The source produces a white noise with the bandwidth(300 400Hz) with
a SNR of 20dB. We conducted the test using the ULA camera of 15 microphoes
spaced by0:11 m. For the computation of the plenacoustic image we useV = 3.
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.XSO

D @ Xs

Figure 5.14.; Simulation 1 setup.

Figures 5.15 (a) and 5.15 (b) plot the localization error ofx s and X so, respectively.
Figures 5.15 (c) and 5.15 (d) plot the error on the distance ad the angle of the
estimated re ector with respect to the actual one, respectiely. The error on Xg is
nearly constant for all the distances. A dierent situation arises forxso. In fact,
when D is below0:7 m, xs and X o are close each other, and the algorithm exhibits
a poor accuracy on localizingx so. For intermediate distances the localization error
decreases. ID is above 1:2 m the error on x so becomes larger, due to the limited
extension of the array with respect toD.

Simulation 2

In the second test we test the accuracy of the re ector endpaits localization as a
function of the number of microphones in the array. Sensorsi spaced byd = 10 cm.
At disposal we have two speaker arrays, each one composed®lfoudspeakers spaced
by 20cm, placed behind the microphone array at distance m, as in Figure 5.16. The
environment is probed with a white noise signal in the bandwdth [1 kHz 10 kHz]
with a SNR of 20dB.

Using analytical expressions for LS estimate (5.17) € is estimated from simu-
lations) we obtain the expected variances in function of vaiable M. Results are
shown in Figure 5.17 for bothx and y coordinates. As expected, the accuracy in-
creases with the number of sensors, showing also that the am@acy is higher for the
x coordinate rather than for the y one. This is due to the fact that for the geom-
etry adopted the x coordinate is related to the direction of arrival of the source,
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Figure 5.15.: Simulation 1

localization error of image sou
5.14: (a) direct source xs; (b) image source xgo; (c) distance error; (d) angle error.
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Figure 5.17.: Simulation 2 endpoint estimation variance (  log scale) in function of the number of micro-
phones; being the system completely symmetric only the data for a single endpoint is visualized.

while the y coordinate coincides with its range. It is known that linear arrays better
discriminate the DOA rather than the range.

We have also conducted1000 independent simulations in order to validate the
analytical results. In simulations microphones and loudsgakers are modelled with
cardioid patterns directed towards the re ector. Data for 26 microphones are re-
ported in the Table 5.1.

Table 5.1.: Simulation 2 theoretical and simulated varian _ ce.
Variance X [m] y [m]

Theoretical (26 Mics) | 3:582 10 © | 3:933 10 #
Simulated (26 Mics) | 3:357 10 ® | 3:643 10 *

Simulation 3

In the third test we analyze the re ector endpoint estimatio n for di erent values of
SNR. Moreover, we compare the accuracy of the LS technique iparagraph 5.6 with
that of the iterative WLS methodology outlined in paragraph 5.8. The con guration
is shown in Figure 5.18 (a). The array is composed o5 sensors. Figure 5.18(b)
shows an example of the obtained plenacoustic images (in theeduced ray space
with 11 = 1) for a single source position andSNR = 20 dB. The re ector estimate
is obtained moving the source at21 di erent positions in space is shown in Figure
5.18 (a).

In Figure 5.19 the theoretical variance of endpoint estimaes obtained using an-
alytical expressions for the LS technigue; the simulation ariance estimated from

102



5.11. Results

1 . T = MICs Array
=—Re. ector
8 o Pwect Ssources
r * Image Sources
| o Estim EndPoints
6 - --Estim Re. ector
c 4
‘;" DNC
2,
O,
2+
-8 -6 -4 -2 0
x[m]

@ (b)

Figure 5.18.: Simulation 3: (a) the con guration in the geom etric space with estimation example (black
dotted line); (b) example of the measured acoustic image sho wn in the reduced ray space.

1000independent realizations for the LS technique; the simulaibn variance for one
iteration of the WLS algorithm; and the theoretical varianc e for the ML technique
are shown for di erent values of SNR. The gure sheds light onthe following facts:

the theoretical variance well approximates the variance olained using simu-
lations;

the iterative WLS algorithm achieves a signi cant gain with respect to LS
technique;

one cycle of the iterative algorithm approaches the performance of the ML
technique and as a consequence the gain obtained by successiterations is
reduced.

We recall, however, that the iterative algorithm, in order t o achieve signi cant gain,
requires the knowledge ofC which is here estimated from the simulations.

Simulation 4

The comparison with other methods is not easy because of digent assumptions
and hardware used. Furthermore no other method, to our knowédge, enables the
estimation of re ectors endpoints. A numerical comparisonis therefore out of the
scope.
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Figure 5.19.: Simulation 3 the theoretical variance obtai ned using analytical expressions for the LS tech-
nique; the simulation variance estimated from 1000 indepen dent realizations for the LS technique; the
simulation variance for one cycle of the iterative WLS algor ithm; and the theoretical variance for the ML
technique.

Among all the techniques in the literature, the most similar is [5], in fact in both
methods similar hardware (a microphone array and a moving agustic source) and
same information extracted from the acquisitions (both usebeamforming techniques
to identify DOASs) are used. However, in order to work, the technique in [5] requires
a compact array. Therefore di erent con gurations are used, which makes a direct
comparison not possible. The simulation con gurations areshown in Figure 5.20.
In Figure 5.20 (a) a circular array with radius 0:08 m is used to extract constraints
on re ectors position using multiple source locations. In Hgure 5.20 (b) a 1.6 m
long linear array is used in order to extract plenacoustic images for di erent source
positions using the method discussed in this Chapter. The nmber of sensors isl5
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Figure 5.20.: Simulation 4: (a) a circular array and a moving  source is used to estimate the position of the
re ective surface; (b) a linear array and a moving source is u sed to estimate the position of the re ective
surface.

for both arrays, sources emit a white noise in bandl kHz 10kHz and SNR is
20dB. The wideband MVDR method is used for computing pseudospetra in both
cases.

We perform the estimation process using a di erent number 6 20) of source
positions randomly chosen among the20 source positions shown in Figure 5.20 (a)
and (b). As the method proposed in [5] assumes that the array & ective paths
are present for all the sensors, the source positions in Figa 5.20 (a) are chosen
so that the visibility is always guaranteed. On the other hand, the sources used in
Figure 5.20 (b) occupy a wider area as there is no constraint o complete visibility.
Furthermore, method based on DOA constraints assumes that thie source position
is known.

Figure 5.21 shows the estimation bias and variance for: theidtance of the re ector
from the origin of the reference frame (center of the array);the angle of view under
which the re ector line is seen form the origin of the refererce frame. Bias and
variance are estimated from100independent simulations for all the possible values of
source locations. Using multiple source positions we combé multiple independent
observations and therefore, as expected, the estimation veance decreases linearly
with the number of positions (e.g. angle variance isL6 10 # deg for5 source positions
and 4 10 4 deg for 20 source positions). The method based on DOA constraints
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Figure 5.21.: Simulation 4 estimated distance/angle bias

obtained using 100 independent simulations.
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and variance shown for circular and linear array

converges rapidly and the performance of two methods is conmgrable for higher
number of source positions.

Table 5.2.: Simulation 4 comparisons of two estimation met

hods.
DOA [5] Plenacoustic
Distance (bias) [m] 0:0283 0:0482
Distance (variance) [m] | 1:7662 10 4 | 1:9411 10 ¢
Angle (bias) [deq] 0:0650 0:0342
Angle (variance) [deq | 5:9414 10 “ | 4:1490 10 4
Xc (bias) [m] 0:0291
yc (bias) [m] 0:0395
Xc (variance) [m] 0:0368 10 3
yc (variance) [m] 0:1609 10 3
Xxp (bias) [m] 0:0157
yp (bias) [m] 0:0455
Xp (variance) [m] 0:0252 10 3
yp (variance) [m] 0:1684 10 3

While the performance of the two approaches is generally siitar notice that the

method based on DOA constraints requires full visibility and the knowledge of the
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source location, whereas the method presented in this Chapt can work with limited

visibility and unknown source positions. Furthermore, the re ector endpoints can
be estimated as well. Table 5.2 summarizes the results obtaéd using 20 source
positions and 100 realizations.

Simulation 5

We now show some results obtained using a con guration with raltiple re ectors.
The simulation examples for cases with two and three re ecteos are shown in Figures
5.22 (a)(b) and (c)(d) respectively. Figure 5.23 shows the lugh transforms for
images in Figures 5.22 (b) and (d) used to cluster rays comingrom the same image
sources.

8 " —MICs Array
#* % ¥4 |—Re. ectors
O Direct Sources
6 + Image Sources
o Estim EndPoints
- --Estim Re. ectors
4 4
E‘ mmmm®  Ommel g
= 2
0
ooo
-2
-10 - 0
x[m]
@) (b)
=—MICs Array
8 * * ¥ * —Re. ectors
«F * **1 o Direct Sources
* Image Sources
6 o Estim Endpoints
- - -Estim Re. ectos
£ = ==
= -
2
0
ocoo
-2
10 8 -6 4 2 0
x[m]
(©) (d)

Figure 5.22.: Simulation 5: (a)(c) the con guration in the g  eometric space with estimation examples (black
dotted lines); (b)(c) example of the measured acoustic imag e shown in the reduced ray space; for environ-
ments with two (a)(b) and three (c)(d) re ective surfaces.
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Figure 5.23.: Simulation 5: (a) Hough transform of the image in Figure 5.20 (b); (b) Hough transform of

the image in Figure 5.20 (d).

Notice that when three re ectors are present the accuracy dgrades signi cantly
with respect to the case of two re ectors. The reason can be fand in the fact that
plenacoustic images become densely populated of image soas, which partially
overlap, thus leading to a wrong localization.

(a) (b)

Figure 5.24.: Experimental setup for: (a) experiment 1; (b) experiment 2.

Experiment 1

In this experiment we use a logarithmically spaced linear aray composed of13
microphones. The experiment has been conducted in a low-revberation room and
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5.11. Results

the signals acquired by the sensors were sampled & = 44:1 kHz. The environment
was illuminated by a small loudspeaker emitting a white noise in the frequency

band 1 kHz 10 kHz. We used aW = 3 spatial rectangular window to perform
beamforming.
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Figure 5.25.: Experiment 1. (a) con guration and simulatio  ns estimates in the geometric space; (b) con-
guration and simulations estimates in the ray space; (c) co nguration and experiment estimates in the
geometric space;(d) con guration and experiment estimate s in the ray space; circles and stars are the di-

rect/image sources and their estimates, respectively; con tinuous and dashed lines are the re ector and the
estimated lying line of the re ector, respectively.

A 60 cm long re ective surface is placed in front of the array as slown in Figure
5.24 (a). The presence of the re ector causes re ections togpear. The array is then
used to estimate the position of both real and image loudspders. This estimates
can then be used to estimate the line on which the re ector lis. The results of the
experiment are shown in Figure 5.25 (c) and (d) and are compad with simula-
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5. Application to environment awareness: geometry inferene

tion results shown in Figure 5.25 (a) and (b). As expected, tle aperture problem
and the relatively small total number of microphones causeghe plenacoustic image
to be blurred (aperture). Yet, the image clearly exhibits the lines that represent
the loudspeaker and its (wall-re ected) image. In addition, the plenacoustic image
clearly shows the visibility of the image loudspeaker (whit is to be con ned within
the boundaries of the re ector). The estimation results are summarized in the Ta-
ble 5.3. Even in the presence of noise; measurement errors oeference positions;
nite aperture of the array; and discrete sampling of the ray space, Table 5.3 shows
a good estimation accuracy and a good match between simulains and real world
experiments.

Table 5.3.: Experiment 1 source and re ector estimates.

Source [x;y] [m] | ImageS|[x;y] [M] Re ector [l1;12;13]
Real [0:68; 1:8] [1:811; 2:366] [0:39250:1966 0:8985]
Sim. | [0:7141 1:759] [1:796, 2:364] [0:3752,0:2097 0:9030]
Exp. | [0:7159 1:825] [1:794; 2:359] [0:39250:1943 0:8990]
3r OOo
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Figure 5.26.: Experiment 1: (a) Geometric space source pos itions, marked with gray circles, and the esti-

mated endpoint, marked with black star; (b) Ray space sourc e positions, represented as gray dotted lines,
and corresponding edge ray estimates, marked with black cir cles, used for endpoint estimation; endpoints
are represented with black lines and their estimates with bl ack dotted lines.

Finally the re ector endpoints can be estimated if a number o edge rays are
observed (theoretically
and

1 if the re ector line estimate is used as an edge ray
2 if not as in this case). This can be achieved moving the acoust source.
The example for the estimation of a re ector endpoint obtained using images ofL0
di erent positions is shown in Figure 5.26. Figure 5.26 (b) $1ows source position
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5.11. Results

estimates and corresponding edge ray estimates used for gmoint estimation.

Experiment 2

The last experiment was performed using using &:9 m long uniform linear array
composed by16 microphones as shown in Figure 5.24 (b). The geometry of the
setup, along with the estimated geometry, are shown in Figue 5.27 and results are
summarized in the Table 5.4.

1.5 O

y[m]

0.5

x[m]

Figure 5.27.: Experiment 2: source positions (dots); re ec tors (continuous lines); re ector line estimates
(dotted lines) and re ector endpoint estimates (circles).

Table 5.4.: Experiment 2 endpoint and re ector estimates.
Real Estimate

Point [m] [ 0:4;1:5] [ 0:4037 1:491]

Reector 1 | [0:70710;0:7071] | [0:7323 0:00730:6810]
Re ector 2 | [0;0:5547 0:8321] | [ 0:0196 0:5533 0:8327]
Re ector 3 | [0;0:4299 0:9029] | [0:00410:4333 0:9012]

Notice that the estimation of a fourth re ector was not possible as it does not gen-
erate rst-order re ections visible from the microphone array. It could be estimated
using second order re ections but, due to resolution limits higher order re ections
are not considered in this work.
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5. Application to environment awareness: geometry inferene

5.12. Conclusive remarks

In this Chapter we presented a novel method for geometry infeence based on the
plenacoustic images introduced in the Chapter 4. The proposd framework made
use of a long (or moving) microphone array but it can be easilyapplied to a spatial
distribution of microphone arrays with a consequent gain inaccuracy as the po-
sitions of observation of the acoustic scene increase. Aftough plenacoustic image
analysis may seem quite demanding compared to other geométrinference algo-
rithms, the advantages in using this method for environment estimation are quite
relevant. The nonlinear transformation that maps acoustic measurements onto the
ray space renders the estimation constraints linear, whichmeans that there is no
need of iterative minimization procedures, and the solutims can be found using a
least-squares method. Furthermore, the high regularity ofthe ray space allows an
easy distinction of di erent acoustic events. So the multiple acoustic sources are
separated and localized by simply nding lines on the plenaoustic image. Further-
more, through this method it is generally possible to detectre ectors of smaller size,
and in positions that would make it hard for other methods to succeed. Visibility
discontinuities do not represent a problem and, when obsewd, they can actually
help estimate not just the line where the re ector lies upon, but also the spatial ex-
tension of the re ector. In particular, the extension of the re ector can be estimated
if the endpoints of the re ector are visible from the spatial window occupied by the
microphone array. This property, in fact, becomes useful inestimating irregular
environments that are characterized by occlusions and limed visibility of acoustic
re ections.
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Chapter

Application to environment awareness:
re ection coe cient estimation

T his Chapter presents a novel model-based method for in-situ es-

timation of sound re ection coe cients in acoustic enclosu res.
The method uses the modeling engine presented in the Chapter 3
for simulation of acoustic propagation and generation of th e spa-
tial pseudospectrum using a beamforming technique. The sim ulated
pseudospectrum is matched with the measured pseudospectru m ac-
quired by a real microphone array in order to estimate re ect ion
coe cients of the walls of the acoustic enclosure. In partic ular, the
re ection coe cients and the source signal amplitude are es timated
by nding optimum model parameters, such that both the simul ated
and real pseudospectra are closely matched. Experimental r esults
con rm that the proposed method allows for an accurate estim ation
of the re ection coe cients, especially for re ective wall s, typical of

everyday environments.

In this Chapter we use a compact circular array, which is a tra di-
tional acoustic camera, as rays are bound to pass through the center
of the array. Nonetheless, the information captured by this array, i.e.
the spatial pseudospectrum (called also angular pseudospe ctrum), is
the same used to acquire plenacoustic images in Chapter 4. Th ere-
fore, although acquired with an extremely narrow (plen)aco ustic cam-
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6. Application to environment awareness: re ection coe ci ent estimation

era, the use of the pseudospectra for re ection coe cient es timation
shows e ectively that the plenacoustic images capture not o nly the
geometric information (extracted in Chapter 5) but also the radio-

metric information about the environment.

6.1. Motivations

As already stated, many audio signal processing algorithmssuch as signal en-
hancement [99] and multichannel upmixing [100], can bene tfrom the knowledge
of parameters characterizing the acoustic environment. Reent research e orts fo-
cused primarily on estimating the Directions Of Arrival (DO As) of early room re ec-
tions [101, 81, 102], room volume estimation [103], and thenference of the geometry
of an acoustic enclosure [35]. In Chapter 5 we presented a nelvapproach for geom-
etry inference. In this Chapter we focus on the problem of esmation of re ective
properties of walls in an environment. The knowledge of the aoustic properties
of walls in an environment is crucial for many applications in the realm of space-
time audio processing. Consider, for example, the problemforendering a virtual
acoustic source by means of a loudspeaker array. When the dg¢m is operating
in a reverberant environment re ections from obstacles cold severely corrupt the
spatial impression, if they are not properly accounted for. If, on the other hand,
the location of walls and their re ective properties are known, reverberation can be
cancelled out up to a certain degree [83]. Early re ections an even be exploited to
enhance the spatial impression [53], [104].

When a sound wave propagating through an acoustic space is ected from a wall,
a part of the impinging energy is re ected and another part isabsorbed. Such re ec-
tive properties of room boundaries are captured by re ectio coe cients, which are
typically measured using a boundary sample positioned in tle so-called impedance
tube [105]. However, direct estimation of the re ection coecient values in a room
is highly challenging due to the high sensitivity to noise ard the dependency of the
re ection coe cient on both frequency and the angle of incid ence.

6.2. Related work

In this Chapter, we propose a methodology for a sub-bandn-situ estimation of
the re ection coe cient of planar obstacles. This is a challenging task, as the re-
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ection coe cient depends on the frequency and angle of incdence and, moreover,
the estimate is highly sensitive to background noise and thepresence of interfering
sources during the measurement procedure. For this reasoaccurate re ection coef-
cient estimations are typically conducted in acoustically conditioned environments.
In particular, several techniques that can be found in the lterature are based on
the use of impedance tubes [105]. A sample of the investigalematerial is placed
at one end of the tube, and the other end is equipped with a loudpeaker. The
loudspeaker emits a narrowband signal, which is tuned to prduce standing waves
in the tube. The ratio of the sound pressure at peaks and trougs is measured,
which enables the computation of the re ection coe cient. T his technique has been
standardized by standard methods 1SO 10534-1 (for narrowbad estimation) and
ISO 10534-2 (for wideband estimation). Despite high accurey, the impedance tube
measurements are costly and complex to be carried out, as a pien of material
needs to be removed. Its application for multimedia instalbtions is therefore not
always possible.

Alternatively to the impedance tube methods, re ective properties can be mea-
sured in a reverberant chamber. The simplest method of this knd is based on the
Sabine's equation [105], which relates the reverberationiine of the environment, its
volume and the average absorption coe cient of the walls. The estimation of the
reverberation time when the material under test is present ad when it is absent in
the reverberation chamber, enables the estimation of its rection coe cient. It is
worth noticing that this technique requires that the whole measurement procedure
is accomplished in controlled conditions, and therefore itcan be costly for many
applications.

A di erent route is pursued for in-situ measurements. Relevant examples are [106]
and [107]. In [106] the author measures the Acoustic Impuls&kesponse (AIR) of
the environment. The AIR consists of the direct path betweenthe source and the
microphone, the echo related to the re ection coming from the material under test
and all other re ections. Under the assumption of being temporally distinct from
the echo related to the material under test, the direct signd and reverberation are
canceled out from the AIR through a temporal windowing. The re ection coe -
cient is then estimated by comparing the amplitude of direct and re ected echoes.
This measurement procedure has been standardized in ISO 132-1. Although this
technique is attractive due to simplicity, it can fail when t he echo related to the
material under test overlaps with other echoes (e.g. think &out a measuring sys-
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tem placed in the center of a square room). Furthermore, an e cient cancelation of
the direct echo requires an accurate modeling of the measumeent device. In [107]
the measurement microphone is replaced by a microphone aryaplaced between the
probing loudspeaker and the material under test. The spatidresponse of the array
is parameterized so that the maximum directivity can be focused towards the loud-
speaker (and minimum towards the material under test) or corversely, the spatial
response can exhibit a maximum towards the material and a milmum towards the
sound source. This way the array allows to separate the dirdgpath signal from the
re ected one, while limiting the in uence of reverberation. The re ection coe cient
is then estimated by comparing the amplitudes of direct and e ection paths, sim-
ilarly to [106]. When the environment is composed of walls ofdi erent materials,
both [106] and [107] require multiple measurements, one fagach wall, which makes
these procedures time consuming.

The technique proposed in this Chapter, on the other hand, ains at estimating, in
a sub-band fashion, the re ection coe cients of the walls through a single measure-
ment. The proposed method makes use of a microphone array anaf an acoustic
source signal. A beamforming technique allows to estimatehte angular distribution
of the energy incoming at the microphone array. Under the assmption that the
geometry of the environment, the position of the source, itsspatial response, the
position of the microphone array and its spatial response a known, the angular
pseudospectrum can also be modeled. In particular, it rests in a linear combina-
tion of individual contributions, which are known up to a scale factor, which depends
non-linearly on the re ection coe cients. The estimation i s performed in two steps.
The rst aims at estimating the individual scaling factors of the contributions of
the pseudospectrum, whereas the latter infers the re ectim coe cients from such
scaling factors. The proposed technique turns out to be robst against noise and
interference, thus paving the way for applications in multimedia and all the scenarios
where cost is an issue.

6.3. Problem formulation

Re ection coe cient of the material is de ned as the amplitu de of a re ected wave
relative to an incident wave [105]. In general, the re ection coe cient value (f; «)
for re ector k depends on frequencyf and angle of incidence . We assume here
that all surfaces are planar and incident waves are re ectedrom walls in a specular
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fashion, i.e., the angle of incidence is equal to the re econ angle. As illustrated in
Figure 6.1, upon specular wave re ection, the re ected sigral amplitude is attenuated
by the value of the travelled distanced and the re ection coe cient value ((f; ).

Let us now separate the re ection coe cient into two components charaterizing
its dependency onf and by rewriting

k(fr k)= k(F)ak( «); (6.1)

where (f) denotes the re ection coe cient of the re ector k at frequencyf and
o«( k) models the variation of the re ection coe cient with the ang le . In partic-

ular we are interested at estimating (f ), whereasgk( k) is assumed to be known.
Even if gk( k) is unknown we will suppose it constant and estimate only the rfe-
quency dependent factor (f).

Note that the amplitude of the signal acquired by a microphore depends also on
the amplitude A of the emitted signal s(t), the loudspeaker radiation pattern I(f; )
for | direction, the directivity pattern of the microphone m(f; ) for n,, and the
travelled distance d.

e e
C’[Of%

t d=di+d,

% P,

Figure 6.1.: Acoustic wave re ection from a wall.

Since the re ection coe cient values are generally frequercy dependent, we esti-
mate their values in di erent frequency bands. However, in ader to simplify the
notation, we omit in the following the subband index f . In addition, 2D wave prop-
agation is assumed in this Chapter for clarity; an extensionto 3D is straightforward
and some considerations are made at the end of the Chapter.

We further assume that the source signals(t), environment geometry, gx( ),I( )
and m( ) are knowna priori, and can be used as input to the estimation procedure.
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In particular, the latter two can also be estimated or approximated using methods
presented in [108], [109]. Based on this information, the pameters: , |, m, d,
and (i.e., delay corresponding to the travelled distance) can le obtained from the
acoustic propagation modeling engine described in ChapteB. Thus the remaining
unknowns are the signal amplitudeA and the re ection coe cients of all re ective
surfaces in the environment .

In the following, we denote the signal acquired by microphoe j as®;(t) and the
M signals acquired by the microphone array a® = [X1(t);:::;%wm (1)]T. On the other
hand, using thea priori information, the signal x; (t) acquired by microphonej can
be modeled. The signals;, for j =1;2;:::;;M at time t are organized in the vector
X = [x1(t); 5 xm (D]T. The pseudospectrum acquired by the microphone array is
denoted asP( ). With the above a priori information at hand it is possible to model
the propagation in the environment and therefore to emulatethe measurement of
the pseudospectrum. In particular, the model pseudospectrm is denoted by P( ).

The aim of the estimation procedure is to match the pseudospetra B( ) and P( )
for all look directions in order to estimate the re ection coe cients of all the wall s
in the acoustic enclosure.

6.4. Measurement of the pseudospectrum

When a microphone array is applied to sample the sound eld, he angular dis-
tribution of the impinging energy can be estimated using beanforming techniques
and measured microphone signals. For this purpose, the roorns scanned using a
beamformer and the output power for each look direction forns the so-called angular
pseudospectrum [76]. Such a spatial power pseudospectrubr= [P ( 1);P( 2);::]"
for sample look directions 1; »;::: can generally be expressed as

P()=h"()Rh(); (6.2)

where is the look direction, h( ) denotes the array weight vector, andR denotes
the estimate of the autocorrelation matrix of the microphone signals

R = E[RX]; (6.3)
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the signals of anM -element microphone array are given by
R =% (t); 52w (D]

where Rj (t) is the signal acquired by thej th microphone.

In general, the pseudospectrun can be measured using (6.2) and any beamform-
ing technique. In particular, in the experiments we will consider the delay-and-sum
(DAS) beamformer [76], [77] (see also the Appendix C).

6.5. Pseudospectrum Modeling

In order to model the pseudospectrum for a given acoustic scario, the follow-
ing acoustic propagation model is assumed. As illustratednri Figure 6.2, when a
source signals(t) with amplitude A, emitted through a loudspeaker, re ects from
a boundary in an acoustic enclosure, the incident wave is spelarly re ected. The
amplitude sensed by a microphone upon one re ection can thetbe written as [105]

A kG IC M m)s

g t )

where | denotes the re ection coe cient of the re ector Kk, g«( x) models the vari-
ation of the re ection coe cient with the angle , I( |) is the loudspeaker radiation
pattern, m( ) is the directivity pattern of the microphone, d and denote the
travelled distance and the corresponding delay, respectiely. As stated previously,
the signal s(t), environment geometry, gc( «), I( ) and m( ) are assumed to be
known, and the acoustic propagation modeling engine presésad in Chapter 3 is used
to obtain ¢, |, m,d, and . Thus we can denote the known part of the signal as

y(®) = o IC M m)s(t  )=d: (6.4)

On the other hand, the unknowns are the re ection coe cients and the signal
amplitude, which can be jointly denoted as = A .

Upon several re ections from the walls, such as those depied in Figure 6.3, the
signal that is acquired by microphonej can be written as

XK

Xj(t) = i Vi (0) + wj (1); (6.5)
r=0i=1
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Known:
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Figure 6.2.: Acoustic propagation and re ection model.

where w; (t) is the additive noise related to the self-noise of the micropone and
on the AD circuitry, yijy (t) is the signal of the acoustic path with indicesr and
i acquired by the microphonej and r denotes the re ection order. In particular,
r = 0 denotes the direct path,r = 1 the rst re ection, etc.; and N, is the number
of paths for re ection order r. As an example, for a two-dimensional model of a
rectangular room, N, =1 forr =0 and N, =4 forr = 1. | is the unknown
amplitude of the re ected signal. As an example, o1 = A for the direct path,
1wk = A ;k=1;::;Nq for the rst-order re ection, and 5 = A ¢ n;k 6 n for
the second-order re ections, as shown Figure 6.3. We assumtihie additive noise
w; (t) to be Gaussian, statistically independent from the signals(t) and spatially
white. Early room re ections up to the order R are modeled as distinct re ections,
whereas the re ection paths with r > R are assumed to have very low energy and to
impinge on the array uniformly from all directions, and therefore can be considered
as part of the noise.

The modeled microphone signals of theM -element microphone array are written
in matrix form as

X = [xq(t); 5 xm (D] = R i Yri + W (6.6)
r=0 i=1

where
Yii = [ywri (1) Ymyi (t)]T;
W = [wy(t); s ww (0]
120



6.5. Pseudospectrum Modeling

Figure 6.3.: Re ection model for an acoustic environment wi  th two re ectors.

In the following paragraphs we put the model in (6.6) at use inmodeling the pseu-
dospectrum. Notice that the acoustic echoes coming from dierent paths consist of
delayed and attenuated replicas of the signab(t), and are thus mutually correlated.
This fact is relevant when the correlation matrix in (6.3) is modeled. In particular
we indicate with R ,i,r,i, the estimate of the correlation matrix between the generic
echoesY i, and Y ,i,

Rflilrziz = E[Y rlilY;’I—ziz]: (6.7)
If we use (6.7) in (6.2)and write explicitly the unknown amplitudes of di erent paths,
we obtain
RR R R
P( ): hH( I’1i1 rzizﬁrlilrziz)h-‘l- %hHh’ (68)

ri=0i1=1r2=0i,=1

where ht' denotes the array weight vector of the respective beamfornreand the
noise W is assumed statistically independent fromY ;; and spatially white with
unknown variance 2, i.e.

Eww Hl= 2iy: (6.9)

When the DAS beamformer is in useh( ) = a( ) and therefore we easily conclude
that 2h()"h()= 2.
In the following, we denote with Py i r,i, = [Pryigraio( 1) 55 Proigrais( N)]T the
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6. Application to environment awareness: re ection coe ci ent estimation

contribution to the pseudospectrum coming from the acoustc paths with indexes
rlilandr2i2, where the componentP; i, r,i,( ) is

Priiirai ()= h( )Hﬁrlilrzizh( ): (6.10)

in (6.8) to give

R YR N
P = rii1 raiaPrairain + %,V; (6.11)
r1=0 i1=1 r»=0 i=1
h it
wherev = h( 1)"h( 1);:50h( n)Th( )

In order to derive a simplied expression of P, we note that (6.11) there are
contributions P,,i,r,i, whose unknown scaling factors ,i, r,i, correspond to the
same combination of re ection coe cients ¢ and signal amplitude A. To clarify
this fact, Figure 6.4 shows two exemplary second-order re etive paths that undergo
re ections from the same walls but in dierent order. The angular variation of
re ection coe cients is included in the model Y, and therefore these two paths
have the same unknown amplitudes >1 = 2 = A ¢ n. AS a consequence, the
autocorrelation of the rst path P 2121, the autocorrelation of the second pathP 222,
and the crosscorrelations between these two paths (namely? 2122 and P22z1), all
have the same unknown scaling factoA? 2 2in (6.11). We therefore group together
all pseudospectrum components that have the same scaling d¢tors. Considering
the example shown in Figure 6.4, we can group these seconddar re ections to
obtain their weights and pseudospectrum components agj = A2 2 2 and P; =
P 2101+ Poooo+ Poioo+ Poopg. After this grouping, the pseudospectrum nally takes

the expression
X

P= Pig+v 2=Mq; (6.12)
i=1

whereN is the number of pseudospectrum components after groupingy denotes the
scale factor of the corresponding pseudospectrum componeR;, the model matrix
M =[Pq;:5 Py Py vl], and the vector of unknownsq = [ QoG ON @]T.
As an example,q = A? for the autocorrelation of the direct path, ¢ = A2 2 for
the autocorrelation of the rst-order re ection, ¢ = A? | for the crosscorrelation
between the direct path and the rst-order re ection, and g = A?  , for the
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6.6. Estimation

crosscorrelation between two rst-order re ections.

Microphone
array

Figure 6.4.: lllustration of the amplitudes of two second-o rder re ections impinging on a small circular array.

Note that the scaling factors g are a product of a variable number of re ection
coe cients , of the signal amplitude A, and of the noise variance (n+1 = 2).
In order to simplify the derivation of the re ection coe cie nts from the estimates of
g, notice that the dependency is linear if we apply a logarithmic transformation to
g. As an example, ifg = A2 , ,, we obtain log(g) = 2log(A) +log ¢ +log .
Let m =[log A;log 1;::;log «;:ilog n;:nlog 2]7 be a vector that contains log-
arithms of unknown parameters and letH be the matrix that counts the number of
occurrences of these variables for each of the components @f As an example, the
ith row of H corresponding tologg = log (A% 1 ) is[2;1;1;0;::;0]. We can then
write the relation between the component scale factorgy and unknown parameters
m as

d=Hm; (6.13)

whered =log(q).

6.6. Estimation

An overview of the estimation algorithm is shown in Figure 65. The estimation
procedure is based on the matching between the measured (§.@8nd simulated (6.12)
pseudospectra

P Mq: (6.14)
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geometry signal

r— - — — — — — 1
X (1) — | Estimation procedure | l l
.—
—— | >
: > I I
H >
: M
: X beamforming L estimationstep1 |€ I
w ® 3 | |
> path . ropagation
S | amplitudes| | == noise | pm(F))ngIin
microphone arra: variance o
p y | A\ A 4 | engine
log(. *
| 9() | post-
| A | processing
A4
| y |
| estimation step 2 (< |
I I
m
| v |
I exp(.) I

relection signal
coe"cients amplitude

Figure 6.5.: Algorithm overview.

In (6.14), the vector P represents the measurements acquired by the microphone
array and M contains the modeled components of the pseudospectrum. Thestima-
tion is performed in two separate steps. The rst step estimdes the scaling factors
g. The second step estimates the re ection coe cients ¢ and the signal amplitude
A using the estimatesg.

Step 1: Estimate ¢ from P by minimizing the sum of squared di erences between
the observations and the model in (6.14) (Figure 6.6). In paticular the solution is
obtained by adopting the constrained minimization

(‘,1=argm(iqnf(ls Mqg)T(P Mq)g
stt. 9 0 g=0G k G;

(6.15)

where the constraints are used to ensure that the solutiong} are feasible. In par-
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6.6. Estimation

ticular, the constraint g 0 ensures that the scaling factors are positive, and the
constraint g = ¢ k G ensures that the scaling factors are decreasing with the
re ection order.
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Figure 6.6.: Pseudospectrum generation model and matching with measurements.

Step 2. Obtain a least-squares (LS) solutionrfh from ¢ imposing the relation
(6.13) (Figure 6.7)
m=(HTH) *HT log(§): (6.16)

Finally the estimates [A; ~1; 2»;:::]7 are obtained asexp(rh).

A=A  — o[ [ 1} [] 'e9® )[] |og(cj1
q,= A2 — [ ] log(+, 1| Iog((i2
—

N
Hm=d
Figure 6.7.: Relation between the estimated scaling factor s and unknown re ection coe cients.

Note that the number of variables q is much higher than the number of indepen-
dent parameters to be estimated, which are signal amplitudeé\, re ection coe cients

« of each re ective surface and noise variance 2. However, the two steps are per-
formed separately and the solutionry is not necessary the globally best solution to
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6. Application to environment awareness: re ection coe ci ent estimation

the problem. The scaling factorsqg are treated as independent in the rst step (6.15)
and their relationship is considered only successively inke second step (6.16). As a
consequence the best solutiord to the rst step is not necessary the one that gives
the best solution riy to the second step. In fact, the system (6.14) is generally un
derdetermined or ill-conditioned which means that there caild be in nite solutions

¢ that give the same pseudospectrum matching. Oversamplinghe pseudospectrum
P (i.e. increasing the sampling step  between the pseudospectrum sampleB( ;)
and P( i+1)) at certain point does not produce new information. This problem pre-
vents the modeling of higher order re ections for a better méching as the number
of scaling factorsq increases considerably with the re ection order. This prodem is
more pronounced at lower frequencies and for absorptive matials as in such cases
the pseudospectrum component®; become quite smooth makingM ill-conditioned.
Di erent approaches can be used in order to address this issi

Here we rst resort to a technique that keeps the same number bvariables,
but adds more data by combining information from di erent ob servations, i.e.
building

MT=(MT:MT ], BT =[P] BT ::; (6.17)

01’ 027 * 01’ 02

whereM , and lsol are, respectively, the model matrix and the measurement
vector for the ith observation, and f1 and P the global model matrix and the
global measurement vector. In experiments, multiple obserations are collected
by rotating the loudspeaker while keeping it xed in the same position. This
way, we probe the environment illuminating from di erent look directions,
each yielding new information;

Successively we develop an Expectation-Maximization (EM)algorithm that
cycles between two estimation steps in order to improve the gtimation accu-
racy and robustness.

6.7. Experimental evaluation

6.7.1. Setup

To verify the performance of the presented estimation algothm, measurements
were conducted in the semi-anechoic room depicted in Figuré.8 at the Chair of
Multimedia Communications and Signal Processing at Erlangn University. Two
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6.7. Experimental evaluation

large wooden panels are placed in front of two walls, denote@ith symbols R1 and
R 3. The sound eld is captured with a circular microphone array that consists of ten
omnidirectional microphones mounted into a rigid cylindrical ba e with a radius of
0:04 m.

2.74m
Ry
A, 06m 0.45m _ ¢
___________ | 2-Aem
g O g

19 @ 1o

La 5 i3
03 i3 N
Ry 1.23m x i 1.51m Rs @
¥ O * 3

0.93m 0.90m

(@) (b)

Figure 6.8.: Experimental setup.

In order to test the robustness of the solution the estimation is performed for
three di erent loudspeaker positions (denoted asA, B, and C). For each position a
di erent and independent estimate is obtained. By comparing the estimates we test
the accuracy. A frequency constant cardioid radiation modé was used to account
for the the loudspeaker directivity I( ). For each position of the loudspeaker, three
di erent orientations have been used in order to gather multiple observations from
the same source position, as required for the minimizationri (6.17).

Re ections up to the second order are simulated by the modelig engine, i.e.R =
2. The re ection coe cients are estimated over 15 frequency bands, in particular
the frequency axis is organized in fteen frequency bands raging from 2750to 9750
Hz. All estimations are performed at frequencies su ciently high so that a minimum
directivity of the DAS beamformer is guaranteed. In order to obtain the estimates
at lower frequencies a more robust method and a beamformer i higher directivity
should be used. For the EM implementation and results see théollowing section.
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6. Application to environment awareness: re ection coe ci ent estimation

6.7.2. Pseudospectrum matching

We rst focus on the matching of the pseudospectra. Figure 8@ shows modeled
and measured pseudospectra for positiolB (with three di erent orientations) at
3:75%Hz and 7:25kHz.

The continuous line represents the measured pseudospectruat the given fre-
quency band. It is obtained as described in (6.2) using the day-and-sum (DAS)
beamforming technique (see the Appendix C) applied to the ginals acquired by a
circular microphone array, which represents an acoustic aaera that captures rays
(re ections) coming from di erent directions.

The dashed line is obtained matching the modeled componentsf the pseudospec-
trum in (6.12), determined using the modeling engine, with the measured pseu-
dospectrum (6.2). The matching is performed as described iri6.14) and illustrated
in Figure 6.6. Therefore the dashed line corresponds to theusn of modeled com-
ponents, combined using the estimated scaling factors, i.eit corresponds to M g,
where ¢ are given by (6.15).

Notice that a good match is obtained between the modeled and ®asured pseu-
dospectra, especially in proximity of the largest peaks.

6.7.3. Re ection coe cient estimates

The re ection coe cients are obtained as described in (6.16 using the scaling
factors estimated from the pseudospectrum matching. The d@#nated re ection co-
e cients for each frequency band and for each wall are shownn Figure 6.10. The
mean values across the frequency bands are given in Table 6.1

Table 6.1.: Mean values of estimated re ection coe cients f  or di erent loudspeaker positions.
R1 R2 R3 R4

Position A | 0.9664 | 0.0795| 0.9512| 0.0491
Position B | 0.9410| 0.1351| 0.9606| 0.0672
Position C | 0.9529 | 0.3641| 0.9655| 0.0010

The algorithm is able to estimate four re ections coe cient s, all assumed to be
distinct, using even a single loudspeaker position. As it ca be observed, the es-
timates obtained for di erent positions are reasonably simlar. Furthermore, the
presence of both highly re ective and absorptive surfaceswooden panels and the
walls of the semi-anechoic room, respectively) is clearlyvédent. The estimated val-
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Figure 6.9.: Matching of the pseudospectra for position B (with three di erent orientations) at 3 ~ :75kHz and
7:25kHz.

ues for two wooden panels can be considered equal, and theyeatlose to the typical
values that can be found in the literature [105]; these refeence values are given in
Table 6.2.

Table 6.2.: Typical re ection coe cients for wooden panels

Freq. [Hz] | 125 | 250 | 500 | 1000 | 2000 | 4000
0.77] 0.89] 0.94] 0.96 | 0.97 | 0.97

The higher variation of estimates of the re ectivity of R, and R4 can be justi ed
by the fact that the pseudospectra at secondary peaks do not @ich as in proximity
of large ones, thus introducing a bias in the estimate. The hjher variance is also
explained by the logarithmic transform between estimation steps 1 and 2, which
ampli es the noise/error for lower values of g. Furthermore, the room door is
not modeled, assuming only the presence of the at wallR,, and such a model
deviation strongly in uences the estimates (most clearly ponounced for position
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Figure 6.10.: Re ection coe cient estimates.

C). Nonetheless the lower values are in accordance with the sg-anechoic nature
of the room. Finally, it is worth noting that in many typical a pplication scenarios
walls exhibit a re ection coe cient that is close to that of w ood panels and will less
often be close to zero.

6.8. EM algorithm

In order to improve the accuracy of the algorithm it is possibe to conceive the
whole estimation process as an iterative cycle between twoséimation steps. To do
so we treatq as the unobserved latent variables linked to the observatins P through
the non-invertible transformation M and apply the Expectation-Maximization (EM)
[110] algorithm. The EM algorithm cycles between:
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6.8. EM algorithm

1. E-step: the computation of the expected value of log-likehood function log p(gjm)
given the observationsP and the solution (™ at current iteration. This step
performs the minimum mean square error (MMSE) [92] estimaton of q;

2. M-step: nd the new solution D) that maximizes the estimate of log-
likelihood function logp(gjm) obtained in the previous step.

Assuming the pseudospectrum noisen and component scale factorsg normally
distributed with covariances Cp, and Cqq respectively, we have

P=Mq +n;
n N(@;Cm); g N(e";Cqy:

The E-step calculates the expected value of log-likelihoodunction given the cur-
rent estimate rh ("

Q(mijm (™) = Eflog p(qim)jP;m™]: (6.18)
For the Gaussian distribution the log-likelihood log p(gjm) is given by

logp(ajm)=c 3(q €"™)TCyi(q ™)

— 1HmT 1 14T 1.-Hm 1 Hm T 1.-Hm .
= 268" Cgqd* 309 Cgq€ 7€ Coqge™ + 4

wherecandd = ¢ 3q"C.Jq indicate the terms that do not depend onm. The
expected value (6.18) is then given by

Q(mjm(™) = Leim T C 1q(m(™M)+
lamM)Tc deim  Lefm e defm + d (6.19)
= 3@mM)  efmM)Tc aam™) M)+ e
wheree = d+ 3q(m™)TC tg(m™) and g(m™) = E[qjP;m™] is the MMSE

estimate of . For P and g jointly Gaussian we have the conditional probability
distribution of q given P

qiP N ( g+ CqpCpp(P  £)iCqq CqrCppCra);
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and thus the MMSE estimate §(m(") is the mean value of a posteriori probability
p(ajP;m™), ie.

am™) = E[jP;m™]= 4+ CqpCpb(P  »)

where

(n)
q= Efa]= €™M

p=EP]=M g
Cep=E[P  p)P 5)']=MCqM"+ Cnn;
Cqop = El(q q)(Is p)']= quMT3

The M-step nds the new estimate rh ("*1) maximizing the expected value of log-
likelihood function Q(mjrh (™) computed using (6.19)

m(*D) = arg max Q(mjrh (M)

=argminf(q(m™) &M)TCyf(q(m™) €&'M)g:

6.9. Experimental evaluation (EM)

The performance of the EM algorithm is tested in the same semanechoic room
and with the same equipment as done in the previous experimer(see Figure 6.11).
According to the speci c experiment, walls R; and R3 can be covered with re ec-
tive or semi-re ective materials, whereas wallsR, and R4 are absorptive. Notice
that this is a challenging scenario. In fact peaks related tare ective paths bouncing
o absoprptive walls are dimmed, thus making the estimation of re ection coe -
cients of absorptive walls sensitive to even small measureemt and modeling errors.
Therefore, the frequency-dependent radiation pattern of ENELEC 1029A loud-
speaker that probes the environment has been provided by thenanufacturer. The
loudspeaker, especially at high frequencies, is stronglyigectional and presents the
maximum directivity in the frontal part. Re ectors that are located on the rear of
the speaker, therefore, would not be adequately probed. Inrder to overcome this
issue, four dierent orientations (0, 90, 180 and 270) for each position of the
speaker are adopted similarly as done in the previous experient. Re ections up
to the third order are simulated by the modeling engine, i.e. R = 3, and the room
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door is taken into account by the modeling engine.
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Figure 6.11.: Experimental setup for EM algorithm.

In order to test the robustness of the solution the estimatian is performed at
four di erent loudspeaker positions, which are denoted in Fgure 6.11 by symbols
A, B, C and D. Again, we expect estimates to be as much as possible positio
independent.

In the rst scenario walls R; and Rz are covered with two distinct re ective
materials. More speci cally, R is covered with aixFOAM R semi-re ective material
(thickness 30mm 1) and R 3 is covered with Sonatech® re ective material (thickness
10 mm?). Datasheets present re ective properties in terms of abstption coe cient
a, which is related to the re ection coe cient by

= P 1 a
The covariance matricesCn, and Cyq are assumed to be diagonal and their values
are chosen empirically as a trade-o between a good matchingf M § to P (smaller
variance ofn) and a good matching ofe™ to ¢ (smaller variance ofq).
Estimations have been performed with both DAS and MVDR beambrmers. As

Idatasheet at http://www.aixfoam.com/absorption-foam-sh0061-felt- lamination
2http://www.sonatech.de/konfiguration/dateienpdf/SON ATECH_PUR_SKIN_ProspektSeite6.pdf
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Figure 6.12.: Examples of matching between modeled and meas ured pseudospectra for di erent frequencies;
Delay and Sum Beamformer is in use; position of the loudspeak er is A with orientations 0 , 90 , 180 and

270 .

for the DAS beamformer, it provides estimates over 20 sub-bads, whose central
frequencies range from250to 9750Hz. The algorithm rst estimates the re ection
coecient at 9750 Hz and then recursively initializes the estimate at the lower
subband with the estimate at the upper subband. The choice ofstarting with the
highest subband is dictated by the higher resolution of the geudospectrum at high
frequencies, which enables a more accurate matching betwed® and P.

The pseudospectrumP measured at the positionA and the estimated pseudospec-
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trum M eH™ at di erent frequencies are shown in Figure 6.12. Notice tha a good
match exists, especially at high frequencies and for relevd peaks.
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Figure 6.13.: Estimates using the DAS beamformer in the rst  scenario. Walls R1 and R 3 are covered with
re ective materials. Wall R and R4 are absorptive.

along with reference values for wallsR; and R3 are shown in Figure 6.13. The
estimated values are consistent for all the loudspeaker pdsons. Furthermore, the
estimates for wallsR; and R3 are close to the values speci ed in the data-sheets,
while the values for wallsR > and R 4 are in accordance with the semi-anechoic nature
of the room.

To further test the ability of the proposed approach to correctly estimate the
re ection coe cients of di erent re ectors in the environm ent in presence of both
highly re ective and absorptive surfaces we repeated the egeriment in other two
scenarios. In the second scenario the walR ; is covered with a wooden panel and
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Figure 6.14.: Estimates using the DAS beamformer for positi on A in the second scenario. Wall R 1 is covered
with a wooden panel and R 3 covered with a re ective material. Wall R, and R4 are absorptive.

the wall R, is covered with aixFOAM R . The estimates at position A are shown
in Figure 6.14. As expected, the estimate ofR, is reasonably similar to the one
obtained in the rst scenario while the estimate of R; has values that are close to
the typical values for wooden panels found in the literature[105].

In the third scenario only the wall R is covered with aixFOAM ®, whilst all the
other walls are absorptive. The estimates at the positionA are shown in Figure
6.15. The estimate ofR; is similar to the estimate obtained in the rst scenario,
whereas the estimate ofR, has a low value similar to the values estimated for the
other absorptive walls of room.

MVDR beamforming is used to improve the estimation at lower frequencies and
for absoptive walls. Estimates are obtained over20 frequency bands, ranging from
250 to 5000Hz Figure 6.16 shows the re ection coe cient estimates in the rst
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Figure 6.15.: Estimates using the DAS beamformer for positi on A in the third scenario. Wall R 1 is covered
with a re ective panel and R3. Walls R2;:::; R4 are absorptive.

scenario obtained using the MVDR beamformer. The results a@ obtained over 20
frequency bands ranging from250to 5000 Hz For each band the pseudospectrum
is computed using frequency smoothing orb frequency bins.

Notice that for all the positions and for all the walls the re ection coe cients
estimated with MVDR is much closer to the reference value wih respect to the
estimate obtained with DAS in the same scenario, and reportd in Figure 6.13. This
is true especially for the absorptive walls. Notice, in fact that re ection coe cient
of walls R, and R4 in Figure 6.16 exhibits a trend that is consistent for all the
tested positions of the speaker, whereas the estimates witDAS are characterized
by a greater variance among di erent positions.
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Figure 6.16.: Estimates using the MVDR beamformer in the rs t scenario. Walls R; and R 3 are covered
with re ective materials. Wall R, and R4 are absorptive.

6.10. Perspective work: extension to 3D

Given the 3D modeling engine presented in the Chapter 3 the drnsion of the
presented re ection coe cient estimation technique to 3D environments is straight-
forward using a spherical microphone array. In a 3D geometrythe loudspeaker
radiation pattern [( ; ); the directivity pattern of the microphone m( ; ); and the
angular variation of the re ection coe cient g«(; ), are all a function of two angles

and that specify a direction in a 3D space. The measured pseudosgtra in (6.2),
obtained applying a beamforming technique to the signals aguired by the spherical
microphone array, is a function of and as well. Therefore the pseudospectrum
data P has a matrix form, with rows and columns corresponding to sarples of and

respectively. The same applies to the modeled components tifie pseudospectra
P; in (6.12) obtained using the 3D modeling engine and followig the same steps
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described for the 2D algorithm. The unknown scale factorsq are still a product
of a variable number of re ection coe cients ¢ and the signal amplitude A (the
terms g«(; ) that specify the angular variation of the re ection coe cie nts are
included in the model). Reordering the matricesP and P; into vectors (i.e. using
each column as a new observation and combining them as done (6.17)) we obtain
the same formulation as in (6.14). Consequently we can applghe same estimation
procedures described previously for the estimation of the & ection coe cients.

6.11. Conclusive remarks

In this Chapter a novel model-based method for the estimation of re ection co-
e cients has been proposed. This method matches the pseudgsctrum obtained
using the acoustic propagation modeling engine describechiChapter 3 with the
pseudospectrum obtained using the acoustic measurementsguired by a compact
microphone array, which represents a narrow version of the lgnacoustic image intro-
duced in Chapter 4. Experiments with real data show promisirg results and con rm
the applicability of the presented method for the re ection coe cient estimation in
real acoustic environments. In fact, the experimental resits proved that the method
is both accurate and robust: the estimated values are closeotthe reference values,
speci ed either by datasheets or found in literature; and the algorithm performs
consistently well for di erent loudspeaker positions and in di erent scenarios.
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Chapter

Application to rendering discussion

his Chapter brings together di erent aspects examined in this

dissertation and shows how the outputs of di erent algorith ms
can be used together in a single application. We discuss how t he beam
tracing modeling engine and the knowledge about geometric a nd ra-
diometric properties of the environment can be used in rende ring ap-
plications. In particular, we discuss a method for renderin g virtual
acoustic scenes in reverberant environments. This method i s based
on [111], [8] and [9], but it extends its validity to the case o f rever-
berant environment through a novel approach to room compens ation.
Previous solutions started from the assumption that the aco ustics of
the environment in which the rendering takes place (hostin g en-
vironment) has a negligible impact on the rendering quality . This,
in fact, is only reasonable if heavy acoustic conditioning i s in place.
Therefore, the reverberations of the hosting environment h ave to be
taken into account. However, in order to take into account th e re-
verberations of the hosting environment, its geometry and r e ection

coe cients have to be known or estimated. The beam tracing is

then used for the simulation of both the virtual scene to be re ndered
and reverberations of the real environment to be compensate d. This
information is then used by the rendering engine to reproduc e the de-
sired sound eld while compensating for undesired re ectio ns caused
by the environment that hosts the system. In this Chapter we f ocus
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7. Application to rendering discussion

on describing how the output of the beam tracing can be incorp orated
in the rendering system, for a detailed description of the re ndering
problem, theoretical background and proposed solutions se e [112].

7.1. Motivations

Acoustic wave eld rendering is aimed at producing a desiredsound eld in a pre-
scribed region of space (rendering space) using a spatialgdiibution of loudspeakers.
This is a problem of growing interest in the research commurty for its many ap-
plications to telecommunications (e.g. immersive telepreence), multimedia (e.qg.
immersive gaming, automotive, and entertainment in generd), and professional au-
dio. Some of the solutions o ered in the literature are aimedat reproducing an
acquired/estimated wave eld (data-driven methods). Others specify the acoustic
scene as a spatial distribution of sources and acoustic reaors (model-driven meth-
ods [113]). An approach of this sort has the advantage of exXility, and paves the
way to applications of interactive virtual acoustics (e.g. immersive gaming, walk-
through architectural acoustics, etc.).

7.2. Related work

Rendering  The literature is rich with solutions for sound eld recons truction,
the most widespread of which are based on WaveField SynthesiWFS) [114, 115];
on spherical harmonics (e.g. Higher Order Ambisonics (HOA)116, 117]); and on the
least-squares (LS) minimization of the rendering equation[118, 119]. In WFS the
loudspeakers of an array act as secondary sources, in congulice with the Huygens
principle, for the reconstruction of planar or spherical wavefronts and combinations
thereof. HOA exploits a decomposition of the sound eld in sgherical harmonic
functions and performs sound eld reconstruction with a spaial distribution of loud-
speakers around the listener. LS techniques are aimed at detmining the Iters that
best reconstruct the wave eld in a number of spatially distributed control points, in
compliance with a rendering equation, which is de ned accoding to the sound eld
representation. An example of rendering equation based on spherical/circular har-
monics wave eld decomposition is proposed in [120]; and onbased on geometric
wave eld decomposition, is discussed in [8].

Compensation Room compensation is a well-established research topic, ra
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early overview of which can be found in [121]. In [122] multibannel ltering is pro-
posed for correcting room e ects in selected points within te listening area. In [123]
an adaptive compensation method based on modal wave eld argsis was proposed,
which extends the validity of room compensation on a wider rgion surrounding the
control points. This method was further re ned in [124], and later enriched with
a concentric microphone array in [125]. A dierent approach is proposed in [83],
where an accurate estimation of room responses over the wholrendering area is
used for improving room compensation.

7.3. Problem formulation

One crucial aspect of model-driven rendering is that the imge sources produced
by the walls of the virtual environment illuminate the ren dering space with an
acoustic beam that is re ected and subdivided during the prgpagation (see Chapter
3). As a consequence of the splitting process, the beam nams as the order of re-
ection grows. Therefore, the image source needs to be angailly windowed in order
to account for the visibility through the chain of virtual m irrors that generated it.
In [126, 127, 128] the image source method is used for compng the position of the
image sources. A visibility test is then performed to assesshe visibility between
each virtual image source (an image source generated by recting a source to be
rendered about one or more virtual walls) and each point in the listening area, which
is quite a demanding task even for simple geometries [24, 14Dn the other hand,
instead of being assessed in a point-to-point fashion, theisibility can be computed
very e ciently and all at once through a beam tracing algorit hm presented in the
Chapter 3.

Beam tracing is an important tool not only for the computatio n of the position and
visibility conditions of the image sources, but also becausit o ers a powerful tool for
modeling the propagation of sound in enclosures. In fact, istead of directly solving
the wave equation for the points of interest, beam tracing emodes the visibility of
image sources with acoustic beams and models the interactioof the wave eld with
the environment as the propagation, branching and re ection of beams. Therefore,
the beam tracing approximates the wave eld as the superpogion of the wave elds
produced by image sources, each visible in a prescribed regi (i.e. the area covered
by the beam). Each beam is characterized by its orientation,aperture and position
of the image source. This provides the speci cations of the eoustic beams that
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7. Application to rendering discussion

must be reconstructed and overlaid in order to form the desied wave eld. As an
example, Figure 7.1 shows the superposition of beams preded by beam tracing
in a densely occluded enclosure. For clarity of visualizatin the gure shows only
beams up to the second order of re ection.

Source

Figure 7.1.: The superposition of beams predicted by beam tr acing in a densely occluded environment;

beams up to the second order of re ection are shown; the gure shows the superposition of geometric areas
interested by single beams the radiometric information of  a beam can be assessed by examining the beam
tree, i.e. the re ection history and propagation distance.

In this work we are interested not only in reproducing the acaistics of a virtual
environment using a loudspeaker array, but also in reducinghe natural reverbera-
tion generated by the real environment that hosts the rendeing system. In order to
be taken into account, the real environment has to be modeledonce again, using
the beam tracing method. This, however, means that the geontey and re ective
properties of the hosting environment have to be known a prioi. Alternatively,
the geometry of the environment can be estimated using the gorithm described
in Chapter 5, and the re ection coe cients using the algorit hm described in Chap-
ter 6. In the simulations we examine the robustness of the prposed approach to
sound eld rendering with respect to modeling errors in both geometry and re ection
coe cient.

7.3.1. Application scenario

The goal of arendering systemis to accurately reproduce a desired wave eld
within a prescribed listening area, using a spatial distribution of loudspeakers The
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7.3. Problem formulation

listening area is de ned by a set ofcontrol points.

A simple 2D example of rendering scenario is shown in Figure.Z, where the
loudspeakers (indicated with black crosses) are placed onarcle around the listening
area (gray region), which is sampled by a regular distributon of control points
(black dots). In the simplest case the goal of this renderingsystem is to generate
the wave eld corresponding to an omnidirectional virtual source (red circle) within
the rendering area, under the assumption that the renderingenvironment (host) be
anechoic.
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Figure 7.2.: Geometry of a rendering system operating in a re al environment, aimed at reconstructing a
virtual acoustic scene.

More challenging is the problem of rendering an acoustic see in which the vir-
tual source is surrounded by avirtual environment. Because of the virtual walls, in
fact, we need to account for a multitude of re ective acoustic paths that form a vir-
tual Room Impulse Response (RIR). A typical RIR exhibits two fairly distinguished
portions: early re ections and late reverberations. The famer is characterized by
isolated distinguishable peaks, while the latter looks moe like an exponential decay
of densely packed re ective paths. Early re ections are knavn to convey informa-
tion about the source position and radiance as well as the lation of the re ectors,
while late reverberations carry information on the size of he environment and its
acoustic quality. We focus on the rendering of early re ectons caused by a virtual
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7. Application to rendering discussion

environment. In order to render such re ections we need to rader the virtual image
sourcesobtained by mirroring the virtual source on the virtual re e ctors. With ref-

erence to Figure 7.2, the red dotted line denotes the contouof a rectangular virtual

room (each segment of the room represents a planar re ector) The corresponding
virtual image sources are denoted by red circles.

So far we have neglected the impact of thdost environment on wave eld render-
ing, as we have assumed the propagation from each loudspealke each control point
to take place in free- eld conditions. Our goal, however, isto devise a methodology
for compensating, at least partially, the re ections causea by the host environment
on the rendered wave eld. We focus on the compensation of efr re ections only.
There are several reasons behind this choice. On one hand,dhspatial impression
induced in the listener can be mostly attributed to early re ections [129, 113]; we can
also reasonably assume that the hosting environment has a gh clarity index (i.e.
early re ections dominate over late reverberations); nally, this choice allows us to
use the same geometric tools for both room compensation andawe eld rendering
in a computationally e cient fashion. If the real environme nt is made of planar re-
ectors the early re ections can be accounted for by introducing image loudspeakers
In Figure 7.2 the continuous blue line represents the real evironment and the blue
crosses denote the image loudspeakers.

It is important to notice, however, that image sources cannd be rendered with
their original beam pattern, as we need to account for their vsibility through"
the walls that generated such images through re ections. Tlerefore, computing the
visibility of an image source is a necessary step for correlgt accounting for wall
re ections. This is true for both real sources (loudspeakes) and virtual sources,
and for both real and virtual walls. The visibility is here re presented by a beam,
which can be interpreted as an angular windowing function ating on the original
beam pattern of the source.

In this work we address the rendering problem in 2D geometrig. Notice, however,
that the considerations made in this paragraph have generabalidity.

7.3.2. Requirements

In the light of the issues introduced in the previous paragrgh, we now identify
the requirements of a rendering system that reproduces the @ustics of a virtual
environment when it is operating in a reverberant room. We ca distinguish the
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following components:

1. A propagation modeling technique that traces beams as theygpagate in the
virtual environment. This operation can be e ciently performed by employing
the beam tracing method presented in Chapter 3;

2. A detailed information on the hosting environment geometryand corresponding
re ection coe cients . If this information is not known a priori the algorithms
described in Chapters 5 and 6 can be employed;

3. A propagation modeling technique that traces image loudsakers along with
their visibility conditions in the environment hosting the array. This operation
is, again, e ciently performed by the beam tracing engine usng the geometric
and radiometric information about the hosting environment;

4. A beam-shaping engine that allows us to render a beam in theslening area
by means of a loudspeaker arrayFor more details see the Appendix D;

5. A methodology that exploits the knowledge of the image speak and of their
visibility conditions for the compensation of the early re ections produced by
the environment hosting the rendering systemThis technique is referred to as
room compensation.

Let us consider the simple scenario in which a virtual sourcés rendered in an ane-
choic host environment. In this situation all we need is a bean-shaping component
that approximates the source's beam pattern. If we introdue a virtual environ-
ment, the associated early re ections can be accounted forhrough a process of
beam tracing that computes the locations of the virtual image sources along with
the corresponding visibility functions (beams). Finally, if the rendering system is
placed in a reverberant host environment, we need to introdge a room compensa-
tion technique for removing the unwanted early reverberatbns caused by the real
walls. In this case, all the above components are jointly use to achieve the desired
rendering result and the corresponding global operating steme is shown in Figure
7.3.

7.4. Room compensation

When the sound reproduction system is operating in a non-anehoic host environ-
ment, reverberations can drastically a ect the quality of t he rendered wave eld [83].
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Figure 7.3.: Functional block diagram of the proposed rende ring problem.

This degradation is predominantly caused by the early re edions, which a ect the

desired spatial impression [130]. For this reason, we aim aflevising a methodology
that focuses on the compensation of the early re ections. Asuming that the two-

dimensional map of the real environment is known or estimatd using the algorithm

presented in Chapter 5, as well as the position of thevl loudspeakersp1;::: pwm

and N control points aj;::: an, it is possible to predict the impact of the early
re ections at the control points. In order to do that we employ the beam tracing
engine presented in Chapter 3. More speci cally, beam traaig allows us to:

1. determine the setf p%;i giQ;{ of the Qn, image loudspeakers associated with the
mth loudspeaker, up to an arbitrary re ection order;

2. evaluate the visibility of the control point a, from the image loudspeaker
p%;i ; this operation is performed using the path-tracing techngue (see Section
3.4.3).

The contribution of the mth loudspeaker to the sound eld at the nth control point
can be modeled as

Qm
L (@niPm) = @ (@njPm) + mi V(@i P )G (@njp i) ; (7.1)
i=1
whereg (anjpm) is the Green's function [131] frompn, to a,, V(an; p%;i) is a binary
function that maps the visibility of a, from p§,;. In particular V(a,;p%;) =1 if
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the image Ioudspeakerpﬂ];i is visible from a, and O otherwise. The computation
of the visibility is swiftly accomplished with beam tracing. The term . is the
attenuation coe cient associated with the image loudspealer at pom;i. The value
of m:;i depends on the re ective properties of the walls and on the reection order
of the image loudspeaker, and it can be obtained using the atigithm presented in
Chapter 6. In equation (7.1) we recognize a rst term which caresponds to the
free- eld propagation (i.e., the Green's function), and a scond term including the
e ect of all the visible re ective paths generated by the mth loudspeaker at the
control point ap.

While rendering a desired beam the room compensation is pesfmed consider-
ing, for each loudspeaker and each control point, the propaation (7.1) computed
using the beam tracing engine instead of considering just th free- eld propaga-
tion g (anjpm). The problem of rendering an acoustic beam using a loudspeak
array has been widely investigated in the literature during the past twenty years
[132, 133, 134]. The Appendix D summarize the main results ém [111]. We remark
however that the presented techniques for the room compensian and the render-
ing of virtual environments are general enough to be employ& also with other beam
rendering techniques.

7.5. Rendering of the acoustics of virtual environments

Here we formulate the problem of rendering the early re ectons coming from
walls of a virtual environment. We are interested in rendering early re ections,
as they boost the impression of presence to a listener, and énefore are useful for
immersive applications. On the other hand late and di use reections provide some
acoustic cues related to the dimension of the environment. A shown in [135], late
reverberations can be modeled as a common pole, i.e. they anet in uenced by the
position of the listener. As a consequence, one could enridhe rendering adopting
a pre- lter to the dry sound. Nonetheless, this goes beyond lhe scope of this work.

be rendered along with the virtual source. Thevth beam is characterized by the
position of the virtual image source s,, the orientation  and the aperture .

loudspeakers in order to render the desired beam. The lterscan be computed
using the beamshaping algorithm described in Appendix D. Inorder to render the
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sound eld coming from the superposition of all the acousticbeams we apply the
superposition principle. More speci cally

fim (t) = X AW Dy); (7.2)
v=1
is the Iter applied to the mth loudspeaker for the rendering of theV acoustic beams.

Notice that the contribution to the sound eld from the beam b, must exhibit a
delay that is di erent from that of the beam b,o;vP6 v, due to the di erent distance
of the respective virtual image sourcess, and s,0. As a result, before applying the
superposition principle in (7.2), we need to delay the indivdual impulse responses
ﬁ‘,; (t) by D, samples in order to account for the di erent distances of thevirtual
image source positions. One could also argue that the supeaogition principle could
be applied on the desired response used for the beamshapiray, summing the desired
responses of all the beams. This way, the rendering of the wi® sound eld would
be simpli ed. However, a phase alignment of the desired respnses of the individual
acoustic beams needs to be applied in order to account for thei erent delays of
the virtual image sources, resulting in an improved di cult y with respect to the
solution proposed in this section.

Finally, we notice that for common environments, the locations of the virtual
image sources surround the listening area. A linear array tht covers only one side
of the listening room would be able to accurately render onlythe virtual image
sources that are located behind it, resulting in a partial immersivity impression. For
this scenario, therefore, circular arrays are required.

7.6. Simulation results

The evaluation of the rendering system and of the room compesation methodol-
ogy is accomplished through a set of simulation experimentsas commonly adopted
in the literature [83, 136, 120, 119, 125]. This is motivatedby the fact that a real-
world implementation of rendering and/or room compensatian techniques would
introduce non-idealities (e.g. non linearities and non-onmidirectional loudspeakers),
which are hardly measurable and whose e ect is not easily disnguishable from
the artifacts introduced by the rendering methodology itsdf. Moreover, as already
adopted in [83, 125], acoustic propagation in the real envisnment is modeled by
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7.6. Simulation results

an image-source like technique, which in this case is beamdcing. In particular,
the room impulse responses of the environment have been sitated up to the 15"
order of re ection. The attenuation due to propagation and successive re ections
causes higher order beams to be su ciently attenuated in thelistening area, so that
their impact can be neglected. On the other hand, in the room ompensation stage,
we concentrate on compensating re ections up to the3¥ order, as they have the
highest impact on the perceived spatial impression [129, 1] and, therefore, would
corrupt signi cantly the desired sound eld if not taken int o account.

7.6.1. Evaluation metric

In order to assess the quality of the beam reproduction, we prpose to evaluate
the mean square error between the desired and rendered waveelds. We de ne
a grid of Q >> N evaluation points that uniformly sample the listening area at
positions gi, i = 1;:::Q, where N is the number of control points used in setting
up the beam-shaping algorithm. The metric we consider is theNormalized Mean
Square Error (NMSE), de ned as [136]

" st a) 8 a)i

SO T s e

(7.3)

In the following tests, the NMSE associated to the room compasation (E,) is
compared with the NMSE of the beam shaping performed withoutcompensating for
the real environment (E.c). Moreover, these results are compared with the NMSE
of the beam shaping in the free- eld E ), i.e. when the real environment is anechoic
and no compensation is required.

7.6.2. Rendering of a virtual environment with room compens ation

We consider the rendering of a virtual source along with the eect of a virtual
environment surrounding it. The simulations are conductedin an L-shaped rever-
berating real environment. We consider a circular distribution of the loudspeakers,
which allows us to render beams originating at any position aound the listener. As
in Figure 7.4, M = 32 loudspeakers are disposed on a circumference with radius
ra = 1:4 m. The listening area covers a circle with radiusr; = 1:1 m inside the
array, and it is regularly sampled with N = 1000 control points. For the evaluation,

a denser sampling Q = 10000 evaluation points) is considered. We notice that
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Figure 7.4.: Setup for the evaluation of the rendering engin e. The loudspeakers are disposed on a circle with
radius ra and the listening area covers a circle with radius r; inside the array. The real environment models
an L-shaped room.

the circular geometry of the loudspeaker array and of the ligening area allow us to
assess the maximum alias-free frequencya. In fact, as noticed in [83], an alias-
free reproduction at the frequency! is achieved ifM 2kry + 1, wherek = !=c.
For the rendering system used in simulations 1 = 32 and r; = 1:1 m) we obtain
fa=1a=2 850 Hz

The virtual source and the virtual environment considered for the experiment are
shown in Figure 7.5, which depicts also their mutual position with respect to the
real environment. It is important to notice that inside the L -shaped real room and
especially inside the virtual room that represents a small burch, occlusions occur
and the visibility of image sources have to be taken into accont using the beam
tracing method. The re ection coe cient is set to 0:7 which corresponds to the
typical value of plaster [105].

The Figure 7.6 shows the NMSE results in the frequency rang¢l00 Hz 2 kHz].
We focus on this frequency range as in this range the human aliry system is more
sensitive to the spatial cues, exhibiting an improved accuacy in sound localization
[137]. As expected, looking at the NMSE of the free- eld and bom-compensated
responses, we observe that the wave eld is rendered with gabaccuracy up to
the maximum alias-free frequencyfa. Above this frequency value, the quality of
rendering decreases because of the spatial aliasing artifis. On the other hand, the
quality of the rendered wave eld is poor when no compensatia is performed. In
fact, the NMSE of the non-compensated response highlightsas usual, the e ect of
the real environment on the listening area.
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3m

Figure 7.5.: The rendering system operates in an L-shaped re al environment and renders a virtual source
(depicted as a black circle) along with its e ect on a virtual environment that models a small church.
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Figure 7.6.: NMSE values of the free-eld ( E ), non-compensated (Enc) and room-compensated ( Ec)
responses of rendering the virtual source and the virtual en vironment in Figure 7.5.

An example of desired and rendered wave elds is shown in Fige 7.7. More
speci cally, Figure 7.7 (a) depicts the intensity of the desred wave eld, at 850 Hz
relative to the rendering of a virtual source inside the smal church (Figure 7.5);
Figures 7.7 (b), 7.7 (c) and 7.7 (d) show the free- eld, non-ompensated and com-
pensated reproduced wave elds, respectively. In order to mphasize the e ect of the
virtual environment, the direct contribution of the virtua | source has been removed
from the wave elds. It is worth noticing that free- eld and r oom-compensated
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Figure 7.7.: (a) The intensity of the desired wave eld at 850
the virtual environment in Figure 7.5 is compared with: (b) t
intensity of the non-compensated wave eld; (d) the intensi

wave elds mostly reproduce the details contained in the desed one. In particular,
Figures 7.7 (b) and 7.7 (d) both contain the left-right discontinuity present in 7.7
(a). This discontinuity is due to the two aisles of the virtual church, which partially
occlude the re ections coming from the lateral virtual wall s (see Figure 7.5). In the
non-compensated wave eld (Figure 7.7 (c)), such discontinity is still present, but
it is less pronounced. More speci cally, most of the detailspresent in the desired
wave eld (e.g., the silent dark spots in the top-right and bottom-right part of the
listening area) are lost. This degradation is caused by thetsong re ections coming
from the left and right walls of the real environment, which, on the other side, are
e ectively dampened by the room compensation (Figure 7.7 (d). This behaviour is
also con rmed by the NMSE performance, whose values ar®:18, 0:46 and 0:19 for
the free- eld, non-compensated and compensated wave eldsespectively.
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7.6. Simulation results

7.6.3. Robustness to geometry and re ection coe cient erro  rs

Now, in order to test the robustness of the system to geometryand re ection
coe cient modeling errors, we considered a scenario of a liear array hosted in a
5m 5 m room, as shown in Figure 7.8. The array has an aperturd = 2m
and it is composed ofM = 32 loudspeakers. In the rst test the location of the

5m

2:5m

Figure 7.8.: Setup for testing the robustness of the room com pensation against variations of the re ection

coe cient of the walls and variations of the room size.

walls is assumed to be known. The re ection coe cient is equd for all the walls,
but it is known up to a certain precision. More speci cally, t he actual value of the
re ection coe cient is 0:7, but for testing the robustness of the room compensation
values from 0:5 to 0:9 have been used in equation(7.1). For the sake of compactly
presenting the results, we adopt as metric the average valuef E(! ) over the whole
frequency axis. The resulting metric is therefore

E= E()d;
0

wheref nhax IS the maximum frequency at which the rendering is performed In this
simulation fax has been set to4 kHz. In the following we will refer to E , Epc,
and E. for indicating the average NMSE E for the free- eld, hon-compensated,
and room-compensated cases, respectively. For the simulah we considered the
reproduction of a beam directed as =0 (towards the listening area) and aperture
=10 , originated from a virtual source located at a distanced = 5m behind the
array, positioned such that the center of the beam passes tlmugh the array center.
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The results are shown in Figure 7.9.

oy______
—E
0.4~ Enc ~ true ref. coelcient
—Er
0.3
>
Pz

0.1
0.5 0.6 0.7 08 0.9
Tested ref. coescient
Figure 7.9.: Average NMSE ( E) for values of the re ection coe cient in the range 0 5 0:9 when the

actual re ection coe cient is 0.7.

We conducted a further simulation in which the re ection coe cient used in equa-
tion (7.1) has been kept xed to its nominal value, but the size of the room is known
up to a certain precision. More speci cally, the length L and the width W spanned
in the range 4.8 m 5.2 m. The Figure 7.10 illustrates the variation of E as a
function of width and length of the room.

1.2

true room siz&® E

4.8 4.9 5 5.1 5.2
Tested room size [m]

Figure 7.10.: Average NMSE ( E) as a function of the width and length of the room.

From Figure 7.9 we notice that the room compensation exhibis a smooth behavior
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over a wide range of re ection coe cients. On the other hand, from Figure 7.10 we
notice that even an error of 2 cm in measuring the width and legth of the room
introduces relevant di erences in E. A similar behavior was outlined in [138]. The
reason of this behavior can be found in the fact that when a wrag geometry of the
room is in use, the position of the image speakers is wronglysaessed, and this causes
a phase shift of the relative contribution in (7.1). Therefore, instead of compensating
the re ective path, a constructive interference appears fo some frequencies in the
listening area. On the other hand, when a wrong value of the rection coe cient

is used, only the amplitude of the re ective paths is wrongly estimated, their delay
being correct. This con guration only causes a partial can&lation of the re ective
path.

We can conclude that the compensation technique is much morsensible to ge-
ometric errors than to the errors in re ection coe cient est imates. This motivates
improvements and further research on geometry inference gbrithms as a crucial
part for advanced audio signal processing algorithms. Howeer, for the geometry
inference, other methods, based, for example, on computerision and telemetry
could be used to obtain accuracy well belowlcm of error at an a ordable cost.
On the other hand, the re ective properties of walls can be asessed using only the
acoustic measurements. In this case, however, the accuraof the method proposed
in the Chapter 6 is suitable for the rendering applications and represents a good
alternative to the use of acoustically certi ed (known re e ction coe cient) or acous-
tically absorbing (working in an low reverberant room) materials, which are often
too costly.

7.7. Conclusive remarks

In this Chapter we discussed the problems encountered in apigations aimed at
rendering the virtual acoustic scenes in reverberant envionments. Rendering the
acoustics of an virtual environment implies rendering a nunber of virtual image
sources together with their visibility pattern. Working in an reverberant environ-
ments means that reverberations will a ect the rendered sound eld if not taken into
account. In order to compute both the virtual image sources (ith their visibility
patterns - beams) and the reverberation paths of the hostingenvironment, we resort
to the 2D visibility-based beam tracing algorithm presented in the Chapter 3. The
real environment geometry is known or estimated using, for gample, the algorithm
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7. Application to rendering discussion

presented in the Chapter 5. For the compensation step to workthe knowledge of
the re ection coe cient is also required. The re ection coe cient of all re ectors
in the environment can be estimated using the algorithm desidbed in Chapter 6.
For a detailed description, theoretical analysis and exhastive performance evalua-
tion of beamchaping, compensation and virtual environmentrendering techniques
see [112]. For a technique that compensate undesired wall Bxtions while exploiting
other early re ections to create a virtual surround system se [53]. For a evaluation
metrics that incorporates psychoacoustic-based criterido analyze the impact of pre-
echoes and post-echoes on the perceived quality in soundakendering applications
see [139].
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Chapter

Conclusions and future perspectives

n this thesis we proposed a novel representation of plenacous tic
I information in the parametric domain of the acoustic rays, a nd
we showed that this representation is suitable for approach ing chal-
lenging problems related to acoustic scene analysis and mod eling. In
particular, we introduced the ray space representation of p lenacous-
tic data; algorithms for its construction (visibility info rmation) and
acquisition (plenacoustic image); as well as a number of app lications
that make use of plenacoustic data for both modeling and anal ysis
purposes. This last Chapter summarizes the main results of t his dis-
sertation and discusses perspectives and future direction s of research
that can be foreseen to arise from these results. We also disc uss
possible research problems that need be addressed when usin g ple-
nacoustic data, the main ideas and challenges that are to be f aced in

developing solutions for speci ¢ tasks.

This thesis addressed a number of topics, from the modelingfacoustic propa-
gation; to the estimation of radiometric and geometric properties of re ective bound-
aries; to the rendering of virtual sound elds within a reverberant environment; to
the construction/acquisition and use of plenacoustic data All these topics are be-
coming more and more relevant in modern acoustic systems, ahe complexity of
the tasks that such systems are facing increase (systems aegpected to work in and
adapt to acoustically hostile environments). In fact, in order to address current
and future challenges, the new systems need to employ sopliated audio signal
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8. Conclusions and future perspectives

processing algorithms and, at the same time, to interact, eghange information and
collaborate with each other, by taking advantage of the pregnce of devices with inte-
grated loudspeaker and microphone arrays in everyday envimments (e.g. surround
sound systems, smart TVs, computers, game consoles, sm#rhones, etc.). The
acoustic measurements that are acquired by di erent systers in di erent positions
in space need to be collected and organized in a parameter spa that exhibits a
high degree of regularity and can be accessed and used by dient signal processing
algorithms. Furthermore, in order to guarantee the necessg operational reliability
and robustness, and o er a high-quality user experience, te new acoustic systems
need to constantly monitor the hosting environment, adapt to it and predict the
e ects of their actions within it. In other words, the analys is of acoustic scenes and
the modeling of acoustic propagation should be carried outn a synergistic fashion,
i.e. cooperating between the analysis step, which uses thensulation of the sound-
eld to improve the results of the analysis, and the modeling step, which uses the
extracted information about the environment to simulate th e sound eld.

In this thesis the rst steps towards a closer integration of spatially distributed
systems and of modeling and analysis stages have been perfed by de ning a
suitable parametric space that enables an e cient and accuate modeling of acoustic
propagation; e ciently encodes visibility conditions fro m di erent points in space;
and represents the spatially distributed measurements of lhe acoustic scene with
a high degree of regularity. In particular, this space was fand to be the space
of oriented lines we called the ray space. On top of this layemwe developed both
modeling and analysis frameworks, both of which bene t formthe high regularity
of the ray space representation of the geometric primitives

The examined applications demonstrated the validity of the proposed approach.
First the plenacoustic images were used for geometry inferee that, thanks to the
fact that the geometric primitives are represented by linea constraints in the ray
space, turned out to be a linear problem and the contributiors of multiple objects
could easily be distinguished (clustered). The plenacosit images, however, collect
and organize all the information gathered from the sensorsiad not just the geometric
ones. This was shown in the second application examined in th dissertation, where
an acquired acoustic image was used in combination with the mdel of acoustic
propagation in order to estimate re ection coe cients of al | re ective surfaces found
within the environment. Finally, the third application act ed as a framework for
previous ones; it used the geometric information and the reection coe cients as
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inputs of the modeling engine in an advanced rendering scemia.

The generality and the potential of the main ideas behind tods developed in this
dissertation go far beyond the examined applications. In ths preliminary stage the
obtained plenacoustic images have limited resolution give by the limited number
of sensors and a considerable distortion generated by the rasurement method (i.e.
the beamforming Iter does not completely suppress the sigals coming from di-
rections di erent from the desired one resulting in an error in the estimation of
the sound eld carried by the given acoustic ray). Nonetheless, the plenacoustic
images they capture both geometric and radiometric properies of the environment
and exhibit a number of interesting features and, therefore have numerous potential
applications. The appeal of the plenacoustic representatin grows even further if we
consider how rapidly new devices with integrated microphor arrays are evolving
and how quickly they are penetrating the consumer market. Atthe same time the
literature is introducing relevant algorithmic improveme nts for audio data processing
(e.g. superdirective beamforming techniques), which cod be fruitfully integrated
in the vision proposed in this thesis and could serve as teclulogical basis for their
implementation. However, as we explore new applications, ew challenges arise.
In what follows, we brie y discuss some of these new ideas andhallenges that lie
ahead.

Self-calibration Given a number of spatially distributed microphone ar-

rays, in order for them to work together their mutual positio ns have to be
known a priori. If not so, the arrays have to estimate their mutual positions

(self-calibrate themselves). This calibration can be achéved by matching of
plenacoustic images acquired by di erent arrays, i.e. by nding the transla-

tion and rotation in the ray space so that the features that are present in
di erent images will closely match. This way the calibratio n can be performed
without the need to estimate the acoustic scene (e.g. locae sources) prior
to the calibration step. Calibration can be achieved indep@dently of acous-
tic primitives that compose the acoustic scene as long as thecene exhibits a
su cient plenacoustic texture to enable the matching of s ound eld images

acquired with di erent arrays. Notice, however, that in thi s case the plena-
coustic images cannot be represented in a reduced ray space this requires
the intersection with a prescribed plane that cannot be the same across all
arrays (mutual positions are unknown). The plenacoustic inages, therefore,
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need to be represented in the full (projective) ray space.

Wave eld extrapolation Given a series of plenacoustic images captured
by a linear microphone array at di erent time intervals (pl enacoustic video)
this information can be used for the extrapolation of the wawe eld at a generic
position behind the array. In fact the virtual receiver is represented as a line
in the image and, therefore, it should capture the acoustic ays distributed
along this line. However, for purposes of room geometry estiation, the phase
information was discarded considering the output power of he beamformer for
the construction of the plenacoustic images. On the other had, for purposes
of wave eld extrapolation the phase information has to be reintroduced by
considering the phase of output signals of the beamformingechnique. Fur-
thermore, the relation between this phase image and the pgaition of the
virtual receiver has to be examined.

Plenacoustic re ection coe cient estimation In this thesis we es-
timated the re ection coe cients using measurements from a single point in
space. Using a number of spatially distributed acoustic imges of this sort
(plenacoustic image) we could estimate the re ection coe cients without us-
ing the hypothesis that they remain constant along the same \ll. In fact,
the walls of real environments have doors, windows, posterdlackboards, etc.
and therefore they do not exhibit constant re ective properties.

Source characterization Observing the radiation emitted by an acoustic
source from di erent positions in space, i.e. along the coresponding line in
the plenacoustic image, the radiation pattern of the sourcecould be estimated.

Source separation  Sources are mapped onto lines in the plenacoustic im-
age. By observing the image we can get an idea of which directins certain
sources are most clearly received and which directions thegre expected to mix
the most (intersections of lines). With this information at hand (and, possibly,
the estimated radiation patterns) it would be possible to build a matched I-
ter (sort of a plenacoustic mold) for a given source, which etracts the signal
from the directions that o er the most favorable signal-to- interference ratio.
As in the case of wave eld extrapolation, the phase informaton should be
considered as well.



Plenacoustic rendering In this dissertation we considered a model-
based rendering scenario. However, given the plenacoustimage of a certain
environment acquired by a microphone array, the acoustics fothis environment
could be reproduced elsewhere using a loudspeaker arraye..substituting the
microphone array with a loudspeaker array and reversing theplenacoustic
image acquisition process into a plenacoustic reproductio process.

In conclusion, the applications proposed and examined in tts dissertation prove
the potential of using the ray space representation of spatilly distributed data for
both modeling of sound propagation in enclosures and analys of acoustic scenes.
Furthermore, a number of other applications could bene t from the use of the tools
that are developed in this thesis and the rst works are currently being carried out
in these directions. The main ideas that inspired this work, namely environment
awareness; collaboration between di erent spatially distibuted systems; and alter-
nating analysis and modeling steps; are becoming increagjty important topics in
the audio signal processing. They represent important assg that could be exploited
in order to deal with the growing complexity of task that acoustic systems are asked
to perform. We believe that the approach presented in this waok can give a signif-
icant contribution to research in the above elds and inspire novel and innovative
solutions.
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Appendix

Wave eld and rays: the eikonal
equation

n the rst part of this Appendix we derive the wave equation tha t
I governs the propagation of acoustic waves. To do so we use two
fundamental principles of mechanics: the principle of iner tia and
Hooke's law. In the second part of the Appendix we introduce a
particular high-frequency approximation of the wave equat ion called
eikonal equation on which all geometric methods for the solu tion of

the wave equation are based.

A.1l. Derivation of the acoustic wave equation

The wave equation is a second-order partial di erential equation that governs the
propagation of waves through a medium. In its most general fom it describes the
propagation of all types of waves (e.g. sound waves, light wees, seismic waves and
water waves). Therefore its study is important in elds such as acoustics; electro-
magnetics; seismic; and uid dynamics. Historically, the theory behind the acoustic
wave equation [140], [141] was developed rst. It was studi& among others, by Sir
Isaac Newton; Pierre-Simon Laplace; Daniel Bernoulli; Reé Descartes; Christiaan
Huygens; Leonhard Euler; Jean le Rond d'Alembert and Josepibouis Lagrange.

The acoustic eld is described by acoustic pressure and partle velocity. Pressure
can be thought as sum of two terms, static pressur@g (usually controlled by gravity)
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A. Wave eld and rays: the eikonal equation
and variations due to the presence of the wave, i.e.
Pt = Pot P;

and the same for density, sum of static term% and variations caused by the wave
% i.e.
%= %+ %:

We suppose that perturbations are due to acoustic wave onlyln this condition the
wave equation is derived from two fundamental principles ofmechanics: principle of
inertia (Newton's rst law of motion) and Hooke's law of elasticity. The principle
of inertia makes patrticles velocity change with changes of gessure, i.e variations of
pressure in space generate variations of velocity in time. bloke's law yields changes
of pressure as a result of changes of velocity. As a consequerthese two mechanisms
generate a wave.

A.1.1. Principle of inertia

Let us suppose that a force F is applied to a uid of volume V and mass m.
We can write the principle of inertia as

F= m—; (A1)

wherer p denotes the gradient ofp. Inserting this expression of force in (A.1) we

get
(o= M@,
P= vV ot

or

rp= % (A.2)
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The equation (A.2) links, according to the principle of inertia, variation of pressure
in space with variation of velocity in time. The two forces are in equilibrium.

A.1.2. Hooke's law

First we need to link the density and volume using the principe of mass conser-
vation
m = % V = constant: (A.3)

Perturbing the mass, expressed as product of density and vame, we get
% V =(%+ d%( V + dV):

Expanding and ignoring the in nitesimals of second order wehave

d% dv
—= — A4
% v (A.4)
Next we need to link density variations with pressure variations using adiabatic
transformations. The mathematical equation for an ideal uid undergoing a re-

versible (i.e. no entropy generation) adiabatic process is
p V&= = constant;

or, using (A.3)
p% ©r=Cv = constant;

whereCp, and Cy are speci ¢ heat for constant pressure and speci ¢ heat for onstant
volume, respectively. Their ratio, Kk, is called adiabatic index. Elevating to 1=k we
get

p o= constant;

perturbing

0
p %= (p+ dp) K%+ d%=p @A+ %p) 1=kog1 + dT//;
0

and linearising
1dp
kp

0
p Hoem p 1 =P o+ O,
%
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we nally obtain
d%_ 1dp.
% kp’

Using this expression in (A.4) we have

idp_ dv
kK p Vv’
dv
dp= p—v.
The term kp is known as bulk modulusK . We obtain
dv
dp= v (A.5)

From (A.5) we see that as a result of a volume compression dV we obtain a

increase of pressur@lp and vice versa.
The volume perturbation can be expressed as

dv=dx y z+dy x z+dz x v;

and
dv dx dy dz
= + + :

B z

\Y X y

The stretching dx can be written as

dt
dx = (VedO)e x  (Vxdt)y = @@’;X;

wherevy, vy and v, are components of the velocityv in directions x, y and z. Writing
the same for other directions we obtain

d—\\//:(r v)dt;

wherer v is the divergence ofv. Using this expression in (A.5) we write

dp= K(r v)dt

1 @p
= —— A.6
K @f (A.6)
The equation (A.6) represents the Hooke's law for waves in uds. It states that
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the variation of velocity generate the variation of pressute.

A.1.3. Acoustic wave equation

From (A.2) and (A.6) we can derive the acoustic wave equation140], [141]. They
are analogous to Maxwell's equations used to derive the wavequation for electro-

magnetic waves. Applying the divergence operator to both mebers of (A.2) we
obtain

1 @,_@r v),
that, after using (A.6), becomes

(TP of Koy

c=0; (A7)

Remembering that

rr- (A=A (r )+ (r

1
r — =

A);

—I 3
and

we can write

Equation (A.7) becomes

1 1 1@
%(r p (%) + gor () D=

% cat

169



A. Wave eld and rays: the eikonal equation

and simplifying
2 1@p
c @t
The last term represents the variations of static density from point to point. It
causes distortions of spacial variations of pressure. It aabe proven that if these
variations of density are much smaller than2 of wavelength (this assumption is
more likely to be true on high frequencies), i.e. if

r (r In%) r p=0:

jr In%j << 2;

we can ignore this term and, nally, write the acoustic wave equation as

, 1@p

rpg@

=0: (A.8)

This equation governs the propagation of acoustic waves though liquid mediums
(air, water , etc.). In uniform and homogeneous environmens the solution of this
wave equation is simple. However, in complex environmentsni which are present
a number of mediums with di erent acoustic properties the sdution of the wave
equation is governed by boundary conditions becoming a boutary value problem
which solution is usually complex. In order to solve such a bondary value problem
a number of approximations are made.

A.2. Eikonal equation

Let us explain more in detail the high frequency approximation of the wave equa-
tion, its advantages and disadvantages. In its most generaform the Fourier trans-
form of the solution of acoustic wave equation (A.8) is

P(x;1) = S(HAX;!)exp(IT (x)); (A.9)

where S(! ) is the Fourier transform of the source's signal. The amplitude A(x;!)
depends on both position and frequency. The phas& (x) depends only on position.
This is, clearly, an approximation. If we useT(x;! ) there would be no approxima-
tion. However, the use ofT (x) independently from frequency is fundamental as this
condition implies the existence of the wave-front. In orderto verify this condition
the spectral dispersion of the signal needs to be low. The pls function T(x) is
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called eikonal.
We can approximate A(x;! ), separating the dependency from position and fre-

quency, as
Ai(x) | AxX) ..

T TR

and take only the rst term Ag(x) (this approximation is true only on high fre-
quencies in which other terms, inversely proportional to fiequency, can be ignored).
With these approximations the (A.9) becomes

A(X;1) = Ag(x) +

P(x;1)= S(!)Ao(x)exp(!T (x)); (A.10)
that, in the space-time (x;t) domain, represents
p(x;t) = Ao(x)s(t  T(x));

i.e. s(t) delayed by the travel time T, propagated without distortions.
The wave equation (A.8) can be written as Helmholtz's equaton [140], [142], [2]
1 2
r2P(x;!)+ 'C—ZP(X;! )=0: (A.11)

Using (A.10) we can write

rP=3SrA’ +SAlrTdT ;

r2P = Sr2Age'T +Sr A rTeT +jIST Agr TE'T +
+JISA or 2TE'T  12SAq(r T)?e'T ;

and thus, after eliminating common terms, we obtain

12 |2
r°p + '?P = Sr ?Ag+2j!S r Agr T+ jISA or 2T 1 2SAq(r T)?+ 'C—ZSA0=0:

After ordering the terms and eliminating S we obtain three equations

1
2 —-N-

(r T(x)) 2 =0; (A.12)
2M0(X) T Ag(x) r T(X)+ A3(x) r 2T(x)=0; (A.13)
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and
r 2Ag(x)=0; (A.14)

where the equation (A.12) depends on! 2, (A.13) depends on! and (A.14) is
constant with frequency. The linear and constant terms can ke ignored for very
high frequencies. As a consequence, only equation (A.12) ggrns the propagation.
It is called eikonal equation and in this particular approximation represents the
Helmholtz's equation. However, while in (A.11) the operata [r 2 + %22-] operates on
all directions of p(x), r T(x) operates only in the direction of maximum variation of
T(x) , i.e. the direction of propagation. Thus the ray, i.e. the sdution of the eikonal
equation, is insensitive to eventual medium variations ortiogonal to the direction
of propagation, which actually in uences the propagation. As a consequence, the
solution derived from (A.12) is more accurate on higher fregencies.

Eikonal equation is the basis of the ray theory [141], [143] vdely used in seismic
and geophysics applications [144], [145]. It is also the basof the geometrical (ray)
acoustics [2] employed in the geometric methods for the modieg of the acoustic
propagation in complex environments [11], [12], [13], [14]
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Appendix

Geometric approaches to the solution of
the wave equation

he geometric methods for modeling of propagation in enclosure S
T were rst developed in the geometrical (ray) optics and then
applied in acoustics. Often a variation of the ray tracing te chnique,
these methods are conceptually simple but not entirely phys ically
accurate as they ignore some wave properties. Here we review the
most famous ones.

B.1. From computer graphics to acoustic modeling

Geometric methods for the solution of the wave equation fotbw high frequency
approximations based on Eikonal equation (Appendix A). Initially geometric meth-
ods were developed as global illumination algorithms in computer graphics and only
successively applied for acoustic modeling. However, sodnand light have some
important di erences. For example, sound has longer wavedngths than light. As
a consequence, diraction is signi cant; specular re ections dominate di use re ec-
tions and occlusions by small objects have little e ect. Furthermore, sound waves
are coherent and thus modelling phase is important. Sound ab travels more slowly
that light and making reverberations perceived over time. Geometric methods con-
sider the propagation of sound through the air in straight lines, rays, avoiding the
wave nature of the sound. The phenomena due to the wave natur¢e.g. dirac-
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tion and diusion) are usually ignored in the ray approach. T his approximations
are good enough only on high frequencies and thus, in order tmake this methods
valid also on lower frequencies, di erent modi cations neal to be made. Nonethe-
less the geometric methods are the most widespread techniga for the modeling
of early acoustic re ections in complex environments. The dternative approach
is based on an approximate solution of the wave equation on anite grid. Typi-
cal examples of this class of methods are based on the solutiof the Green's or
Helmholtz-Kircho 's equation through nite (FEM) and boun dary element (BEM)
methods [16], [17], [18]. Though these methods provide an egrate solution, the
storage space and computation time increase dramatically h frequency due to the
sampling step requirements (it has to be much smaller that the size of the wave-
length), making these algorithms unsuitable for real-timeoperation except for a very
limited range of frequencies.

B.2. Ray tracing

The rst geometric methods applied in acoustic rendering hare been borrowed
from computer graphics. The rst one was based on ray tracing[11], [20], [21], [22].
In Figure B.1 is shown an example of ray tracing. A nite number of rays are
cast from the source in all directions. They interact with the environment, re ect
and attenuate. Rays that, during the propagation, come in the proximity of the
receiver determine the room impulse response in the receivs position. This impulse
response can successively be used for auralisation by cohwiag source's sound signal
with the impulse response at receiver position.

The main advantage of this method is its simplicity. It is very simple to implement
and can easily model all types of re ections (specular re etions, di usive re ections
and di raction) as well as all types of surfaces (including airved ones). On the other
hand it turns to be quite ine cient. Observing the example in Figure B.1 (a) we
notice that rays spread out over distance and only a small nurber of rays cast
from a source pass in proximity of the receiver. Furthermore due to the discrete
sampling of rays, under-sampling errors in the estimated rom responses are possible.
Observing the example in Figure B.1 (b) we notice that there ae no direct paths
between source and receiver and there is only one rst ordere ective path (dashed
line) missed by all traced rays (solid lines). As a consequere if the number of rays
is not high enough (generating a huge quantity of data for conputing and decreasing

174



B.3. Radiosity

performance), some important propagation paths could be nssed by all sample rays.

Zam

0

s

(]
\
(a) (b)

Figure B.1.: Ray tracing: rays are cast from the source in all  directions; (a) only a small number reach the
receiver; (b) some important propagation paths could be mis sed by all sample rays.

B.3. Radiosity

Radiosity algorithm [146], [147], [148], [149], [150], wasrst developed in the
eld of heat transfer, used as global illumination algorithm for computer graphics
rendering and then applied in acoustics. The key assumptionis the ideal di use
(Lambertian) re ection. Radiosity computes rays generated by the source that,
after a certain number of di use re ections, reach the recever. It is essentially an
application of the nite element method. The environment surfaces are subdivided
into small surface elements - patches. The radiosityB; is the energy leaving the
patch surfacei. It is a sum of emitted, E;, and re ected energy. The re ected
energy depends on re ectivity of the patch and the incident energy arriving at
the patch, i.e. the radiosity of all other patches B; multiplied by a corresponding
form-factor Fj; (see Figure B.2)

X
Bi=E; + Bj Fij . (B.l)

Form-factors Fj; depend on the mutual visibility between patches (e.g. patcles far
from each other or partially occluded patches have reducedofm-factors while the
form-factor of completely occluded patches is zero). Writhg (B.1) for all patches
gives a system of linear equations whose solution is the ragkity for all patches.
Though di erent methods can be used to solve this equationsthe solution depends
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Figure B.2.: Radiosity: the energy leaving the patch surfac e is a sum of emitted and re ected energy;
re ected energy depends on re ectivity and incident energy ; incident energy is a fraction of the energy
leaving other patches.

on frequency (i.e. the re ectivity terms depend on frequeng) and thus must be
solved for dierent frequencies of interest. This calculaions are independent of
the receiver position, and thus the most of the computationa e ort is done before

the position of the receiver is speci ed, making radiosity view-independent unlike

ray tracing. In this way the e ectiveness of the algorithm is improved. Although

radiosity has been successfully applied in computer graphs it is less popular in
acoustics for a number of reasons. Even if some extensionsJeabeen made in a
e ort to include specular re ections, radiosity is based on the assumption of ideal
di use re ection but in acoustics specular re ections are far more common than
di use re ections. Furthermore, as sound waves are coherenmodelling phase is
important and the time dependence must be introduced. All this makes radiosity
more di cult to implement and computational demanding in ac oustics.

B.4. Image tource

The image source method [12], [23], [24], improves the ray &acing method. The
acoustic source is interactively mirrored to the other sideof all re ectors that con-
stitute the environment (see Figure B.3 (a)). The mirrored sources are called image
sources. Image source determines acoustic eld in an oppasi portion of space
(with respect to the re ector used as mirror). Once the position of the receiver is
known, with a test we nd acoustic paths linking image sources with the receiver.
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Doing so, unlike ray tracing, all specular paths up to the deged re ection order
are found. It is extremely e cient for simple, rectangular r ooms, like the one in
Figure B.3 (a). However, in a densely occluded environmentdt turns to be quite
demanding from computational point of view. In presence of nore complicated ge-
ometries the problem is that the source is interactively mirored to the other side of
all re ectors generating approximately (n 1)" image sources i being the number
of re ectors and r the re ection order) many of which are actually invisible, either
from a re ected source (i.e. do not generate any acoustic i) or receiver (see some
examples in Figure B.3(b), (c) and (d)). As a consequence, the and memory is
consumed in futile calculations (on one hand, the number of mage sources grow
exponentially with the increase of the re ection order, but on the other hand, in
complex environments only a small portion of them is actualy visible making most
of the e ort vain). Furthermore a demanding test is required to assess the visibility
of all traced image sources, i.e. all image sources should ested for occlusion by
all potential occluders, which combined with high number of re ectors and image
sources makes image source method computationally demantdj in complex envi-
ronments. Another drawback of the image source method is thiait models only
specular re ections.

B.5. Beam tracing

Among the geometric solutions particularly e cient is that of beam tracing [25],
[26], [27], [28], [13]. This method was originally conceivceby Hanrahan and Heckbert
[26] for applications of image rendering, and was later exteded by Funkhouser et
al. [14] to the problem of audio rendering. The beam tracing nethod takes advantage
of spatial coherence, i.e. it groups rays into compact bundis called beams. All
re ectors are assumed to be piecewise planar, and all the rayoriginated from a
source, which hit the same planar region of the re ector are lnndled up into beams
(see Figure B.4 (a)). The interactive mirroring of the source is done only with respect
to the re ectors that a beam encounters during the propagation. In this way the
time for the construction of the beam data structure is redued (compared to image
source method in which we construct a similar structure mirroring all image sources)
and a minimal number of image sources is computed.

Observing Figure B.4 (a) and (c), we see how every time a beamneounters a
re ector, the portion of beam that illuminates that re ecto r splits into a set of sub-
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Figure B.3.: Image source method: (a) image sources arrange d in grid pattern; (b) not all re ections produce
valid image sources; (c) not all image sources obtained mirr oring the source are actually visible from the
receiver; (d) valid/invalid and visible/invisible image s  ources.

beams, each corresponding to a di erent planar portion of tre encountered re ector.
As they bounce around in the environment, beams keep branchig out and attenu-
ating until they die out. The beam-tracing method organizesand encodes this beam
splitting/branching process into a specialized data strudure called beam tree, shown
in Figure B.4 (b) and (d). The construction of the beam tree is based on an iterative
visibility evaluation process, usually based on spatial sbdivision. It is quite appar-
ent from the above discussion that beams can be cast only withhe knowledge of
the source location and the environment's geometry. When tle receiver is speci ed
as well, the paths linking source and receiver can be determed. Every time a beam
falls onto the receiver, we have a path linking source and remver. The path can
be readily determined using the sole information stored in he beam tree. In fact,
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B.5. Beam tracing

given the location of the receiver, we can immediately detemine which beams illu-
minate it, just through a look-up of the beam tree data structure. Thus, the beam
tracing approach enables a real-time rendering of sounds icomplex environments
even when receivers are moving.

Observe the example of beam tracing shown in Figure B.4(a). W can notice
that the beam b3 illuminates only partially the re ector r3. If we use the image
source method instead of beam tracing, we compute only the imge source obtained
mirroring the source with respect to r3, and eliminate the paths going from the non
illuminated region of r3 only during the path tracing phase. Using beam tracing we
eliminate occluded paths during the construction of the bean tree. Image sources
that are never visible are automatically eliminated in this process and thus we avoid
successive tests for evaluation of e ective visibility of @mputed image sources nec-
essary in the image source method. In Figure B.4(b) the corrgponding beam tree
is visualized. Figures B.4(c) and (d) show the splitting process of the beanbs.

The main disadvantage of the beam tracing method is the fact hat if the source
moves the beam tree has to be recalculated, which is genenall computationally
demanding task. Beam tracing method turns out to be also quie complex to im-
plement. Furthermore, the beam tracing was originally con@ived for the modelling
of specular re ections only. Early re ections are known to carry some information
on the geometry of the surrounding space and on the spatial pgitioning of acoustic
sources. It is in the initial phase of reverberation, in fact that we receive the echoes
associated to the rst wall re ections. Other propagation p henomena, such as dif-
fusion, transmission and di raction tend to enrich the sense of presence in virtual
walkthrough scenarios, especially in densely occluded afronments. Therefore,
some extensions of beam tracing method were proposed to aeou for other prop-
agation phenomena. Funkhouser et al. [29], for example, aoant for di usion and
diraction through a Bidirectional Beam Tracing process. W hen the two beam
trees that originate from the receiver and the source interect on speci c geometric
primitives such as edges and re ectors, propagation phenoena such as di usion
and di raction could take place. A dierent approach was pro posed by Tsingos et
al. [151], who proposed to use the Uniform Theory of Di raction (UTD) [152], de-
rived from the Geometric Theory of Di raction (GTD) [153], b y building secondary
beam trees originated from the di ractive edges. This apprach is quite e cient, as
the tracing of the diractive beam trees can be based on the sle geometric con g-
uration of re ectors. Once source and receiver locations a given, in fact, a simple
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Figure B.4.: Beam ftracing: (a) initial splitting of source’ s acoustic eld into beams; (b) corresponding beam

tree; (c) the splitting process of the beam bgs; (d) construction of the beam tree.

test on the diractive beam trees determines the di ractive paths.
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Appendix

Beamforming techniques

n this Appendix we consider both data-independent and statis ti-
I cally optimum beamformers, namely the delay-and-sum (DAS)
and the Minimum Variance Distortionless Response (MVDR) be am-
formers [91], [76], [77]. For the case of wideband sources we describe
the wideband MVDR beamformer [75]. Notice that the subspace
methods such as the Multiple Signal Classication (MUSIC) a nd
Min-Norm methods [154, 155, 156, 157] can not be applied if th e
signals are coherent (for more details see [76] 6.4.3 and 6.4 .4), which
is the case when we consider acoustic re ections from the bou ndaries

of the environment.

Given an wideband source and anV -element microphone array, the signals ac-

quency of the kth sub-band. Such signals are stacked into the vectox(t;fg) =
[X1(t; f ) xm ()1,
We then compute the autocorrelation matrix

X
Ry = 1 X (6 F )X (6 )" :
L
t=1
The pseudospectrum of thekth sub-band is

Pe( )= h" (G Rkh(:T k); (C.1)
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C. Beamforming techniques

whereh( ;f k) is the spatial Iter of the given beamforming technique for frequency
fx and direction

C.1. Delay-and-sum beamformer

The pseudospectrum of a delay-and-sum (DAS) beamformer ishtained by sub-
stituting h( ;f ) = a(;f k) into (C.1), which yields

Pu( )= a"(;f Rka(;f k);

where the array steering (propagation) vectora( ;f k) is given by

a() = [<':11(:fk):az(:fk):::::aM(;fk)]Ti
= plﬁ 1;,d2fs() @M 121 5() T; (C.2)

and fs( ) denotes the spatial frequency that is dependent on the anglef arrival
temporal frequencyfy, sound speedc, and array geometry.

The main advantage of the DAS beamformer is that, as a data-idlependent beam-
former design that maximizes SNR for spatially white noise,it is robust against
microphone self-noise and array mismatches, i.e., the deadions in the positioning
of the microphones. On the other hand, it provides limited sgtial selectivity at low
frequencies.

C.2. MVDR beamformer

In order to improve spatial selectivity for low and middle frequency ranges, su-
perdirective beamformers can be used. MVDR (called also Cagn method) is such
a statistically optimum design, where the output variance (or power) is minimized
subject to a distortionless constraint on the response of tb beamformer in the look
direction [158]. The closed-form solution of the array weigt vector is given by

lea( )

NGt = al (;f R, ta(;f k):

(C.3)

Substituting (C.3) into (C.1), the measured MVDR pseudospectrum for the kth
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sub-band is
1

aHt (;f R, ta(;f k):

Pu( )= (C.4)

The wideband MVDR pseudospectrum [75] is given by

¥
P()= P():
k=1

C.3. Focusing matrices and frequency smoothing

Superdirective beamformers are highly sensitive to the mimphone self-noise and
array errors, it is therefore desired to control the robustness of the design, which can
for instance be achieved using the diagonal loading with therequency-dependent
loading factor obtained from iterative design schemes [199 In addition, for extrac-
tion of room re ection signals that have low energy and are stongly correlated with
the direct-path signal, focusing matrices and frequency smothing techniques can be
used to alleviate the problem of ill-conditioning of the microphone autocorrelation
matrix Ry, thereby increasing the robustness of this data-dependenbeamformer
for coherent sources (see [160, 102] for a detailed discuss)j. The purpose of using
focusing matrices is to map the signal space at all frequenclgins f from the range
[f1;fk ] to a common reference frequencyg 2 [f1;fk], i.e.,

T(;fwa(;fy)=a(;fo):

If the Directions Of Arrival (DOAS) are known in the given scenario, the unitary
focusing matricesT ( ;f ) [75] can be applied
02 31

PN ai(;fo). a(;fo). .. .. av (;fo)zC.
T(;f)= Dlag?@ﬁal(;f T a k)gﬁ, (C.5)

where Diag ([ ]) denotes the diagonal matrix with the elements of[ ] on the main
diagonal andan ( ;f k) denotes themth element of the steering vectora( ;f x). Us-
ing (C.5), the focused and frequency smoothed measured autorrelation matrix is
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nally obtained as

Py
I

TG RKTH (G ) (C.6)
k=1

a(;f o)Rsa™(;f o)+ Ro; (C.7)

whereR g = P Ky TGFORo(FDTH( k) andRs = P K, Rs(fk), whereRs(fy)
and IQQ(fk) denote the source and noise power spectral densities, resgieely. Sub-
stituting (C.6) into (C.3) and (C.1), the measured MVDR pseu dospectrum can be
estimated.

The MVDR design o ers high directivity even at low frequencies and automatic
null placement, which is bene cial for automatic suppresson of the direct path and
strong re ection signals. However, as a signal-dependentuperdirective beamformer,
the robustness issues mentioned above need to be addressedorder to deal with
imperfect real microphone arrays and coherent re ection gjnals.
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Appendix

Least-squares beamshaping based on
singular values truncation

n this Appendix we review the beamshaping technique presente d
I in [111]. The acoustic beams (whose speci cations are compu ted
via beam tracing) are rendered by an array of loudspeakers us ing a
least-squares (LS) approach with reference to a rendering e guation
that speci es the wave eld pro le over a prescribed listeni ng area.
The spatial Iters that produce the loudspeaker signals are obtained
from the rendering equation through SVD.

A X Pq
X Py

Figure D.1.: Geometry of the proposed rendering system.

According to Figure D.1, a set of ideal omnidirectional loudspeakers (i.e., point
sources) are placed at arbitrary positionspy;::: pm in an anechoic room. A set
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D. Least-squares beamshaping based on singular values troation

of control points aj;;::: ay is de ned within the listening area that is depicted as

the grey-shaded circle. The goal is to reproduce the acoustibeam generated by
a virtual source located at s emitting towards the direction  and with angular

aperture . The acoustic source is constrained to be outside the listang area (note
that some techniques for the rendering of sources surroundeby loudspeaker arrays
have appeared in the literature [161, 162]). The Fourier transform Pq4(!; a,) of the

desired wave eld at the nth control point is therefore given by

Pa(’; an) = ar (@njs) ( 55 n)S();

where O
jTks ank

a (anjs) = 4 ks ak
n

is the Green's function [131] fromsto a,, ! being the frequency expressed in radians;
and ( ;; n)isanangular function describing the directivity pattern of the beam.
With reference to Figure D.1, | is the angle under which the virtual source is seen
from a,; and S(!) is the Fourier transform of the source signal. The goal of the
beam shaping engine is to reproduce the e ect of the virtual surce at all the listening
points by means of the loudspeakers. In other words, the aimsito nd the vector

of complex coe cients h, applied to the loudspeakers, which satis es therendering
equation

rS()= G hs(); (D.1)
where 2 3
g (aajp1) i1 @ (aajpwm)
G, = E :
g (anjp1) 0 g (anjpwm)

is the propagation matrix from each loudspeaker to each combl point. The vector
ri encodes the desired response at all the control points, and is therefore de ned
as

rno=[g@is)( ;: g 55 I
In other words, eq.(D.1) imposes that the spatial response fothe loudspeaker array
equals the desired sound eld. However, no exact solution a@gts in general, and the
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best solution in the least-squares sense is given by
ﬁ! = G?-I'! :(G!_'G!) 1G!*r! .

A smooth beam-pattern can be obtained by choosingN >> M and specifying
( ;; n) as a Gaussian function [8]. Unfortunately, in some cases thenatrix
GG, is ill-conditioned, and a reconditioning step is needed in oder to provide
feasible values to the coe cientsh, . As noticed in [111], a SVD-based reconditioning
technique reveals to be suitable for given purposes. More ptisticated techniques
exist, which obtain a better re-conditioning, such as thosebased on the Tikhonov
regularization [163, 164], or based on the L1-norm minimizéon of the residuals of
the rendering equation (Lasso technique) [136]. These tecliques could guarantee
an improved accuracy over the described one. However such theds are based
on an approximation of the inverse of G, and the inversion procedure depends on
r,, thus requiring a demanding computation for every positionof the virtual image
sources and whenever the virtual source moves.

The spatial Iter A, is sampled over a prescribed set of frequenciés; ;! ;2! k
to obtain the matrix

render the presence of the desired acoustic beam. On the matrH an interpolation
is applied on the frequency axis in order to obtain the transér function over a

speci cally, a parabolic interpolation on the amplitude and a cubic interpolation on
the phase are accomplished. The matrix resulting from this mterpolation is Ho.

The IFFT is applied on each row ofH k o to obtain the discrete time impulse responses

to render the desired beam.
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