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ABSTRACT

The problem of segregating a sound source of interest from an acoustic back-

ground has been extensively studied due to applications in hearing prostheses, robust

speech/speaker recognition and audio information retrieval. Computational auditory

scene analysis (CASA) approaches the segregation problem by utilizing grouping cues

involved in the perceptual organization of sound by human listeners. Binaural pro-

cessing, where input signals resemble those that enter the two ears, is of particular

interest in the CASA field. The dominant approach to binaural segregation has been

to derive spatially selective filters in order to enhance the signal in a direction of in-

terest. As such, the problems of sound localization and sound segregation are closely

tied. While spatial filtering has been widely utilized, substantial performance degra-

dation is incurred in reverberant environments and more fundamentally, segregation

cannot be performed without sufficient spatial separation between sources.

This dissertation addresses the problems of binaural localization and segregation

in reverberant environments by integrating monaural and binaural cues. Motivated

by research in psychoacoustics and by developments in monaural CASA processing,
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we first develop a probabilistic framework for joint localization and segregation of

voiced speech. Pitch cues are used to group sound components across frequency over

continuous time intervals. Time-frequency regions resulting from this partial organi-

zation are then localized by integrating binaural cues, which enhances robustness to

reverberation, and grouped across time based on the estimated locations. We demon-

strate that this approach outperforms voiced segregation based on either monaural

or binaural analysis alone. We also demonstrate substantial performance gains in

terms of multisource localization, particularly for distant sources in reverberant envi-

ronments and low signal-to-noise ratios. We then develop a binaural system for joint

localization and segregation of an unknown and time-varying number of sources that

is more flexible and requires less prior information than our initial system. This frame-

work incorporates models trained jointly on pitch and azimuth cues, which improves

performance and naturally deals with both voiced and unvoiced speech. Experimen-

tal results show that the proposed approach outperforms existing two-microphone

systems in spite of less prior information.

We also consider how the computational goal of CASA-based segregation should

be defined in reverberant environments. The ideal binary mask (IBM) has been estab-

lished as a main goal of CASA. While the IBM is defined unambiguously in anechoic

conditions, in reverberant environments there is some flexibility in how one might

define the target signal itself and therefore, ambiguity is introduced to the notion of

the IBM. Due to the perceptual distinction between early and late reflections, we in-

troduce the reflection boundary as a parameter to the IBM definition to allow target
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reflections to be divided into desirable and undesirable components. We conduct a

series of intelligibility tests with normal hearing listeners to compare alternative IBM

definitions. Results show that it is vital for the IBM definition to account for the

energetic effect of early target reflections, and that late target reflections should be

characterized as noise.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

As the father of a two year old, something I find myself saying to my son with some

frequency is, “listen to your mommy”. Whether she is coaxing him out of a standing

position on top of a playground slide or requesting that he cease throwing objects

across the room, my plea actually has little to do with listening, but rather with his

behavior in response to his mother’s instruction. My expectation is that her directive

was understood, and the fact that our son acquiesces now and then supports this

expectation. While any parent may marvel at those instances when their toddler

behaves in accordance with their wishes, we often take for granted the true listening

skills that make these interactions possible. Our verbal instructions rarely reach his

ears in isolation. They most often occur in combination with the sounds of other

children at the playground, music playing on the stereo or perhaps his little sister’s

cries during a diaper change. Fundamental to any such communication with our son
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is then the capacity of his auditory system to isolate, or segregate, the sound of our

voices from the mixture of sounds that reaches his ears.

Individuals with normal hearing excel at segregating sounds of interest from an

acoustic background in order to discern relevant information. This capability facil-

itates awareness of our environment, such as what produced a sound and where it

came from, and as the above example illustrates, allows for communication in spite

of interfering sounds. Numerous existing technologies would benefit from a similar

segregation capability. It is well recognized that while hearing aids provide an im-

provement in terms of speech audibility, the benefit in terms of intelligibility is limited

and thus users are often dissatisfied in complex, multi-source settings [53]. Similarly,

current cochlear implant technology limits the fidelity with which acoustic signals

can be transmitted and patients can have difficulty isolating sounds of interest in

difficult conditions. Automatic source segregation would also facilitate more robust

speech recognition, multimedia search and information retrieval, and allow for the

development of novel audio and video production tools.

Given the breadth of potential application areas, source segregation has received

considerable attention from the research community. Fundamental to any approach

is the need to identify acoustic properties that distinguish the source of interest from

interfering sources. Speech enhancement methods often assume different statisti-

cal distributions or temporal characteristics for speech and background noise [115].

Beamforming methods capitalize on the assumption that the target source arises from
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a different spatial location relative to interference and create spatially-dependent at-

tenuation patterns in order to enhance the signal from a particular direction [15].

Many blind source separation (BSS) methods assume that sources are both separated

in space and statistically independent [22]. Computational auditory scene analysis

(CASA) is a promising approach to the segregation problem that utilizes the acoustic

cues involved in the perceptual organization of sound by human listeners [178], such

as periodicity [19, 36, 85, 98, 140, 177, 181], onset synchrony [84, 88], common ampli-

tude modulation [82, 109], common frequency modulation [37], spectral modulation

features [74, 87, 103, 161] or interaural differences [76, 119, 124, 138, 149].

Consistent with principles of auditory scene analysis (ASA) [17], the goal of

CASA-based segregation is to allocate sound components of the mixed signal to indi-

vidual sources. Typically, a mixture is passed through a bank of frequency selective

filters, where each filter output is then divided into short time frames to create a

time-frequency (T-F) representation known as a cochleagram [178]. A T-F unit then

refers to an elemental sound component from one frame and one filter channel. The

ideal binary mask (IBM) has been established as the main computational goal of

CASA-based segregation [176]. With access to the individual source signals before

they are mixed, the IBM labels those T-F units in which the signal-to-noise ratio

(SNR) of a specified target source exceeds a predetermined threshold as 1, and labels

all other T-F units as 0. Use of the IBM as a segregation goal is motivated by princi-

ples of machine perception, ASA, and by the fact that an acoustic masker can render

a target stimulus inaudible within a critical band [128]. Accordingly, we refer to those
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Time (s)

F
re

qu
en

cy
 (

H
z)

 

 

0 0.5 1 1.5 2 2.5 3

125 

250 

500 

1000

2000

4000

(c) Mixture Cochleagram
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(d) Ideal Binary Mask

Figure 1.1: Target (a), interference (b), and mixture (c) cochleagrams with corre-
sponding IBM (d) are shown for a mixture of two simultaneous talkers.
Unmasked T-F units are shown in white, masked T-F units shown in
black.

T-F units above threshold as unmasked and units below threshold as masked. With

the IBM representing the performance upper bound, the goal of CASA algorithms is

to generate a binary T-F mask using only the observed mixture signal(s). We illus-

trate the generation of the IBM for a target talker mixed with an interfering talker

in Figure 1.1.

Binaural processing, where input signals resemble those that enter the two ears,
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is of particular interest in the CASA field. Most binaural CASA systems measure

interaural (between ear) cues to estimate the IBM using a process called localization-

based grouping (see e.g. [64, 119, 138, 149]). While there are numerous differences

between existing localization-based grouping systems, as will be discussed in more

detail in Chapter 2, the high-level approach is as follows. First, both left and right

mixture signals are transformed into the T-F domain. Interaural cues, such as inter-

aural time difference (ITD) and interaural level difference (ILD), are then extracted

from each pair (left and right ear) of T-F units. Source locations are estimated by

integrating these cues across time and frequency, where often the number of sources

is assumed to be known. Once source locations are identified, predetermined models

or templates of interaural cues for the estimated source locations are used to identify

the mixture T-F units that are consistent with the target location. We illustrate

the main components of the localization-based grouping approach for a mixture of

two simultaneous talkers in Figure 1.2. Figure 1.2(a) shows a mixture cochleagram.

Figure 1.2(b) shows the expected ITD cues for the two source locations, while Fig-

ure 1.2(c) shows the ITD cues extracted from each pair of mixture T-F units. Note

the clearly delineated boundaries in the measured ITDs, which are due to shifts in

the locally dominant source. Finally, Figure 1.2(d) shows a binary mask generated

by identifying those observed ITD values that are more consistent with the target

location than the interference location.

As illustrated by comparing the estimated mask in Figure 1.2(d) and the ideal

mask in Figure 1.1(d), the localization-based grouping approach can be extremely
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(c) Observed ITD Cues
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(d) Estimated Binary Mask

Figure 1.2: Illustration of a localization-based grouping system. Mixture cochleagram
(a), template of ITD cues for target and source azimuths (b), observed
ITD values (c) and estimated binary mask (d) are shown for a mixture
of two simultaneous talkers.
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effective in certain conditions, however, there are several shortcomings. First, since

segregation is based on spatial information, much like beamforming and spatial BSS

methods (discussed further in Chapter 2), this approach requires sufficient spatial

separation between sources. When sources are co-located or even closely spaced, the

method can fail outright. Further, substantial performance degradation is incurred

in reverberant environments. Rigid surfaces reflect a sound source incident upon

them, and hence, even isolated sounds reach the microphones via multiple paths in

an enclosed space. This causes measured cues to deviate from predicted interaural

cues, which can greatly influence the effectiveness of localization-based grouping. We

illustrate this in Figure 1.3. In Figure 1.3(a) we show ITD cues extracted from the

same mixture as shown in Figures 1.1 and 1.2, where source signals are simulated in

an anechoic environment. In Figure 1.3(b) we show ITD cues for the same mixture

in a reverberant environment. While some T-F units of the reverberant mixture still

exhibit ITD near that of the anechoic mixture, many are corrupted by reflected sound

energy.

Another drawback of the localization-based grouping paradigm is that it conflicts

with known aspects of human auditory perception. First, this exclusively binaural

approach ignores many monaural cues that are important in ASA, such as pitch,

onset synchrony, amplitude modulation and spectral modulation [17]. While spatial

cues do benefit segregation in some circumstances [35, 40], listeners are capable of

achieving segregation in the absence of spatial cues, and performance of human lis-

teners does not deteriorate in reverberant or co-located conditions in the way that
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(a) Observed ITD: Anechoic
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(b) Observed ITD: Reverberant

Figure 1.3: Observed ITD cues for a mixture of two simultaneous talkers in an ane-
choic (a) and a reverberant (b) environment.

localization-based grouping does [40]. Further, research in psychoacoustics has shown

that spatial cues are relatively weak for across-frequency grouping [41, 156], partic-

ularly when compared to grouping on the basis of fundamental frequency or onset

synchrony [7, 41, 49, 89, 157]. So it is not just the case that there are situations in

which spatial cues provide little grouping information, but that spatial cues are likely

secondary to monaural cues for simultaneous organization, or grouping of sound com-

ponents across frequency over continuous time intervals. However, listening studies

have shown that spatial cues are powerful for sequential organization, or grouping

across time [6, 46, 47, 65, 77, 102]. Taken together, these studies suggest that an ef-

fective computational strategy should favor monaural (non-spatial) cues in terms

of simultaneous organization, but rely more heavily on spatial cues for sequential

organization. To illustrate the role of each grouping stage, we show an idealized si-

multaneous and sequential organization for a mixture of two concurrent talkers in
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(b) Interference Cochleagram
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Time (s)

F
re

qu
en

cy
 (

H
z)

0 0.5 1 1.5 2 2.5 3

125 

250 

500 

1000

2000

4000

(d) Simultaneous Organization
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(e) Target and Interference Streams

Figure 1.4: Illustration of source segregation based on separate simultaneous and se-
quential organization stages. Target (a), interference (b) and mixture
(c) for a mixture of two simultaneous talkers in reverberation. T-F re-
gions dominated by the same underlying speaker over continuous voiced
and unvoiced time intervals are shown with the same color in (d), and
grouped into corresponding target and interference streams in (e).
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reverberation in Figure 1.4. T-F regions dominated by the same underlying speaker

over continuous voiced and unvoiced time intervals are shown with the same color in

Figure 1.4(d). The task of sequential organization is then to group the color coded

regions into separate streams corresponding to each talker, as shown in 1.4(e).

Finally, we also note that the approach to localization taken in most binaural

CASA systems cannot account for observed phenomena in human localization judge-

ments. Localization systems typically integrate binaural cues across the entire fre-

quency range in order to estimate one or more source locations in a given time inter-

val [11, 112, 127, 149]. While there is substantial support from the psychoacoustical

literature for across-frequency integration [60, 170, 193], integration is influenced by

monaural grouping cues [9, 78, 81, 170]. One well supported interpretation of this

research is that the auditory system performs grouping using multiple features, and

that localization judgements are formed by integrating spatial features within these

larger auditory “objects” [9, 43]. Essentially, engineering systems treat localization

as a means to perform segregation, and expect to localize multiple sources with-

out explicitly segregating them, while the psychoacoustics literature suggests that

localization is likely the consequence of (at least partial) segregation on the basis of

multiple acoustic cues.

To address the performance limitations of existing binaural methods and to de-

velop a computational framework that is more compatible with human auditory per-

ception, the focus of this dissertation is on the development of algorithms to perform

automatic sound segregation and localization based jointly on monaural and binaural
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cues. We first propose a strategy motivated by the psychacoustical studies discussed

above. T-F regions are formed on the basis of monaural cues, then localized by in-

tegrating within-region binaural cues and finally, grouped across time based on the

estimated locations. We show that this approach can lead to improved segregation

and localization performance relative to exclusively binaural methods. We then build

on this approach to develop a framework that integrates monaural and binaural cues

at a more fundamental level for simultaneous organization. Perceptual studies have

shown that spatial cues can supplement monaural cues to improve simultaneous seg-

regation [40,157], and that spatial cues can influence across-frequency grouping when

monaural evidence is ambiguous (i.e. monaural evidence supports grouping a com-

ponent into two competing streams) [44,45]. Further, in ideal circumstances, spatial

cues alone have been shown to induce across-frequency grouping in the absence of

monaural grouping cues [56]. To reconcile the observation that monaural cues are

stronger than spatial cues for simultaneous organization, but that spatial cues may

contribute when circumstances allow (e.g. low reverberation, well separated sources,

ambiguous monaural cues), we learn the relative contribution of each cue through

training. The algorithms presented represent an important step toward a system

that, much like human listeners, can perform segregation even in the absence of use-

ful spatial information, but that can benefit from spatial information when available.

We outline the main objectives of the dissertation in the following section and con-

clude this chapter with a description of how the dissertation is organized.
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1.2 Objectives

The primary goal of this dissertation is the development of a framework for binaural

segregation and localization based jointly on multiple acoustic cues. In order to

achieve a robust solution we focus on realistic acoustic environments with multiple

reverberant sources and background noise. Due to the many applications in which

speech is the sound of interest, we focus on mixtures of simultaneous talkers, although

none of the methods discussed are necessarily restricted to speech processing. Our

final system detects the unknown and time-varying number of sources across time,

localizes each source, tracks the voicing characteristics of each source (including pitch)

and segregates a specified target signal. To achieve this goal we focus on the following

important objectives:

• Simultaneous and Sequential Organization. Most existing binaural CASA meth-

ods do not make a distinction between simultaneous and sequential organization

and perform grouping based on spatial cues alone. As stated above, the psy-

choacoustics literature suggests that the role of spatial cues may differ between

these grouping processes. Guided by such observations and by recent advances

in pitch-based simultaneous organization, we first develop a framework to in-

tegrate pitch and azimuth cues for segregation of voiced speech. In this frame-

work, pitch cues are used for simultaneous organization, while azimuth cues are

used for sequential organization.

• Multisource Localization in Adverse Conditions. Multisource localization is an

12



important problem in many application areas, and is an important subproblem

for segregation that incorporates spatial cues. The psychoacoustics literature

supports the perspective that monaural cues influence localization judgements

by human listeners. To analyze whether monaural cues can improve automatic

source localization and to facilitate segregation based jointly on monaural and

binaural cues, we extend the framework discussed above to localize multiple

sources in noisy and reverberant conditions. To achieve this end we develop

a novel azimuth-dependent model of binaural cues that is considerably more

flexible than existing models.

• Defining the Ideal Binary Mask in Reverberant Environments. The IBM has

been established as a main computational goal of CASA systems. In anechoic

environments, the IBM can be defined unambiguously. However, in reverberant

environments one can choose to treat reflections due to the target signal as either

desirable or undesirable. We formalize this point by introducing a parameter

to the IBM definition called the reflection boundary, which is a time boundary

to divide early and late target reflections. We conduct a set of subjective tests

to identify how the reflection boundary parameter should be set in order to

improve speech intelligibility in noisy and reverberant conditions.

• Detection, Localization and Segregation. Our final objective is the development

of a binaural segregation system based jointly on monaural and binaural cues.
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We extend our initial system to handle mixtures with an unknown and time-

varying number of sources and for segregation of both voiced and unvoiced

speech. To do so we develop a novel hidden Markov model (HMM) framework to

track the number of sources, the azimuth of each active source, and the voicing

characteristics of each active source (including pitch). The framework implicitly

performs simultaneous organization such that segregation of a desired source

can be readily achieved by identifying either the pitch or azimuth characteristics

of the target source. In this case, simultaneous organization is based jointly on

pitch and azimuth cues, whereas our first systems utilize only monaural cues

for simultaneous organization. As discussed above, while the psychoacoustics

literature shows that monaural cues may be stronger than spatial cues for across-

frequency grouping, there is evidence that spatial cues supplement grouping

when they provide useful information. This final system is capable of taking

full advantage of both types of cues.

1.3 Organization of Dissertation

The rest of this dissertation is organized as follows. In Chapter 2 we provide a

thorough review of the literature relevant to the problems of both binaural segregation

and localization. We also review existing work that has considered strategies for

segregation and localization that integrate multiple acoustic cues.
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In Chapter 3 we analyze the capacity of both monaural and binaural cues to per-

form simultaneous and sequential organization. Using an existing system for pitch-

based simultaneous organization [85], we develop a framework for joint localization

and segregation of voiced speech. We compare the performance of pitch-based simul-

taneous organization to azimuth-based simultaneous organization as a function of the

level of reverberation and number of sources. We then compare the performance of a

monaural sequential organization approach based on speaker-dependent features to

a binaural, azimuth-based approach.

In Chapter 4 we extend the system described in Chapter 3 and provide a thor-

ough analysis of localization performance in reverberant and noisy conditions. To

this end, we develop flexible azimuth-dependent model of binaural cues and incorpo-

rate additional monaural grouping cues. We directly analyze the impact of monaural

grouping on localization estimates, and compare localization performance of the pro-

posed method to existing two-microphone methods. We also measure the robustness

of the proposed method in the case when measured impulse responses are used. We

finally perform one experiment to test the capacity of the proposed and comparison

methods to both detect and localize sources in adverse conditions.

In Chapter 5 we consider how best to define the ideal binary mask in reverberant

settings from the perspective of human speech intelligibility. We parameterize the

IBM using a boundary point between early and late reflections and run a set of

subject tests to compare the intelligibility of IBM processed reverberant and noisy

speech. We first test three candidate IBM definitions on reverberant and noisy speech,

15



where we consider two different types of additive interference. We then provide a more

thorough analysis of the interaction between the reflection boundary parameter and

the local SNR threshold.

In Chapter 6 we develop a framework for detection, localization and segregation

of speech based on pitch and azimuth cues. These problems are handled jointly using

a novel hidden Markov model framework. This final system is considerably more

flexible and requires less prior information than the systems presented in Chapters 3

and 4. We first perform an analysis to demonstrate improvements in simultaneous

organization relative to a pitch-based approach. We then analyze segregation per-

formance using various amounts of ideal information to understand the key factors

that impact performance. We compare the proposed approach to two state-of-the-art

two-microphone systems in a variety of acoustic conditions, using both simulated and

measured impulse responses. We finally compare azimuth detection and localization

to two binaural baseline systems.

We conclude with a discussion of the main contributions of this dissertation and

outline directions for future work in Chapter 7.
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CHAPTER 2

BACKGROUND

In this chapter we review existing work relevant to the problems of binaural seg-

regation and localization. We first discuss the main approaches taken in the CASA

literature. We then cover alternative array signal processing approaches to the related

problems of speech enhancement, blind source separation, time difference of arrival

estimation and acoustic source tracking. We conclude with a discussion of existing

work that incorporates both monaural and binaural cues.

2.1 Binaural Localization and Segregation

Research on binaural localization and segregation has largely been conducted along

two fronts. Much of the literature focuses on the development of computational

models to account for experimental data on binaural perception [167]. Alternatively,

due to potential applications in binaural hearing aids, spatial sound reproduction

and mobile robotics, many application-oriented binaural segregation and localization

systems have also been proposed. Our primary interest is in the latter and thus

we focus our attention in this area. However, as there is much overlap between the

17



methods used in each case, we also review some of the influential binaural models.

For more thorough coverage of the literature from the behavioral perspective, see the

reviews provided in [34, 167].

We begin by noting that for human listeners, sound emitted in space is altered by

reflection and diffraction of the head, torso and pinnae before entering the ear canals.

These effects are captured by what is known as the head-related transfer function

(HRTF) [10]. The characteristics of the HRTF are listener dependent and change as

a function of azimuth, elevation and, to some extent, distance of the source. As a

result, sound emitted from a given source position in anechoic environment produces a

frequency-dependent pattern of ITDs and ILDs due to the listener’s HRTFs. We refer

to this azimuth- and frequency-dependent pattern of cues as direct-path cues, because

they are measured assuming only direct propagation from source to microphone. We

illustrate the direct-path ITD and ILD cues for a given listener (in this case, measured

from KEMAR mannequin [67]) in Figure 2.1. Cues are shown for as a function of

azimuth, between −90◦ and 90◦, with 0◦ elevation. The plots show that ITD is largely

frequency-independent and monotonic as a function of azimuth (with the exception

of a few anomalous low frequency measurements). In fact, as one might expect, ITD

can be predicted well using only the distance between ears [2,167]. In contrast, ILD is

frequency dependent and the relationship between azimuth and ILD is highly listener

dependent [2]. Another characteristic that is clear from Figure 2.1(b) is that ILDs

provide little azimuth-dependent information at low frequencies due to the relatively

large wavelengths as compared to the size of the head. A characteristic that is not
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shown in these plots is that ITD cannot be measured unambiguously for pure tones

with wavelength smaller than the distance between ears. This results in what is called

spatial aliasing for tones with frequency above roughly 1500 Hz.

While humans are capable of localizing sounds in three dimensions, listeners ex-

hibit the most acuity in terms of azimuth [10], and thus, both binaural models and

binaural systems often focus on sources in the frontal horizontal plane (i.e. between

−90◦ and 90◦ azimuth with 0◦ elevation). Many models of lateralization and azimuth

estimation are rooted in the Jeffress hypothesis [94]. Jeffress postulated a neural

mechanism that measures coincidences between time delayed versions of the signals

entering each ear. A source’s lateral position could then be encoded by a set of

coincidence detectors, each sensitive to a different ITD. The Jeffress hypothesis is

typically realized via computation of a short-time cross-cross correlation between the

ear signals [154]. Similarly influential is the equalization-cancellation (EC) model,

originally proposed to account for binaural masking level differences [59]. The EC

model equalizes the signals arriving at each ear by accounting for the ITD and ILD

for a given stimulus position, and then subtracts the two signals. Signals arriving

from the specified position will be cancelled, while those with a different ITD and

ILD will remain (or be reinforced).

While recent work has proposed several extensions to these models to better ac-

count for an increased understanding of the physiology involved in binaural perception

(see e.g. [16, 33, 52, 110, 158, 168]), the majority of models focus on predicting sub-

jective data for fairly simple stimuli in controlled acoustic conditions [167]. Part of
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the reason for the divergence between literature on binaural models and literature

on application-oriented systems is that approaches to machine localization and seg-

regation must deal with complex mixtures of sound and additional distortions due

to reverberation or background noise. In real-world applications, the problems of

multisource localization and segregation are paramount and closely tied.

As discussed in Chapter 1, the localization-based grouping paradigm has been the

primary approach to binaural segregation in the CASA field [64]. Again, the main

strategy has been to first localize sources by integrating binaural cues, then utilize

templates or models of interaural cues (such as those shown in 2.1) to identify T-F

units that match the estimated target location. An early localization-based grouping

system designed for concurrent speech signals was proposed by Lyons in [119]. In

keeping with the Jeffress hypothesis, this system computes a running cross-correlation

in individual frequency bands, dubbed the “cross-correlogram”, in which multiple

ITD peaks can be identified via across-frequency summation. Real-valued functions

that measure how well ITDs measured from individual bands match one of the ITD

peaks are then used to perform segregation. Bodden proposed a similar approach

in [11], however sub-band time lags are first mapped to azimuth based on supervised

learning (see Figure 2.1(a)), and across-frequency summation is weighted based on

a learned band-importance function. Roman et al. introduced a method to sharpen

the resolution of the resulting azimuth-dependent response function [149]. Peaks

in the cross-correlogram are detected and convolved with a Gaussian kernel prior

to across-frequency integration to form the so-called “skeleton” cross-correlogram,
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which overcomes some of the inherent limitations in terms of spatial resolution in low

frequency channels. Another contribution of [149] is the use of supervised learning

to perform segregation. Probabilistic models of ITD and ILD are trained for each

configuration of source azimuths for both two- and three-talker conditions. After the

azimuths of both target and interfering sources are identified from the skeleton cross-

correlogram, the appropriate models are used to group T-F units consistent with the

azimuth of the target source. A related approach is taken in [138] where again, target

and interference azimuths are first identified from the skeleton cross-correlogram.

T-F units consistent with the target azimuth are selected using a set of heuristics

that compare correlogram values at the estimated target and interference azimuths

and ensure consistency between the target azimuth and observed ILD using a set

of azimuth-dependent templates based on the HRTFs of the binaural setup (again,

see Figure 2.1). The segregation result is a binary T-F mask used in a missing data

framework for robust speech recognition [38]. Harding et al. adopted the supervised

training approach of [149] to generate binary T-F masks for missing data speech

recognition [76]. In this case, training is performed in simulated reverberation to

account for small room acoustics.

Variants of the localization-based grouping approach that avoid the use of prior

training or the use of templates specific to a given microphone setup have also been

proposed [93,123,124,136,152]. If given the number of sources, clusters of T-F units

can be identified in the ITD, interaural phase difference (IPD), and/or ILD feature

space. T-F masks can easily be generated for a given source by simply zeroing out
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those units contained in different clusters. This approach is often referred to as

spatial clustering. Many spatial clustering systems are designed for two closely spaced

microphones, and thus are only applicable over a limited frequency range in the

binaural case due to spatial aliasing [93,136,152]. Among these methods, the MESSL

system of Mandel et al. is a state-of-the-art approach that iteratively fits Gaussian

mixture models (GMMs) of IPD and ILD to the observed mixture data using an EM

procedure [124]. Across frequency integration is handled by tying GMMs in individual

frequency bands to a principal ITD. The system is initialized by estimating the ITD

of a known number of sources. Other variants of the localization-based grouping

approach have also been proposed (see e.g. [113, 144, 147])

The systems discussed so far have primarily considered localization simply as a

means to perform segregation. However, binaural localization also has applications in

hearing prostheses, spatial sound reproduction and mobile robotics. Several studies

have explored both azimuth and elevation estimation [48,86,100,101,107,133] or even

distance estimation [118] from a binaural input. As cues for elevation and distance are

influenced by the sound source more so than cues for azimuth, these studies focus on

localization of an individual source. Willert et al. propose a method to learn so-called

“activity maps” corresponding to sources presented at different azimuths [184]. An

activity map captures average correlation responses and level differences, as a function

of both frequency and time lag, for each trained position and a probabilistic method

for localization of individual sound sources is developed based on the trained activity

maps. Parametric models of ITD and ILD are proposed in [143], where the focus is on
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developing a generic model for azimuth estimation based on analysis of a set of HRTFs

measured from human subjects [2]. May et al. study the use of a GMM of ITD and

ILD for azimuth estimation of multiple sources in a reverberant environment [127].

The study provides a thorough evaluation of several interaural timing cues (ITD,

IPD, interaural envelope difference) and on robustness of the proposed method to

mismatch between the training and testing position of the binaural microphone in a

simulated room.

Very little work has dealt with the related problems of binaural tracking of mov-

ing sources or detecting the number of sources. In [148], an HMM framework based

on ITD and ILD cues is proposed to estimate the number of sources and azimuth of

each active source in each frame, however the system was primarily tested in ane-

choic conditions. The study of [52] is concerned with physiologically plausible cue

extraction and integration across frequency, however the authors briefly discuss incor-

porating the model in a particle filter-based tracking framework, although tracking is

not systematically evaluated. May et al. consider source detection by estimating the

azimuth of the most dominant source per frame, and subsequently setting a threshold

to ensure an utterance-level azimuth is only estimated for sources that were dominant

in a sufficient number of frames [127].

2.2 Alternatives to Time-Frequency Masking

In keeping with monaural CASA processing, the computational goal of the binaural

segregation systems discussed in the previous section is to estimate a T-F mask (most
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often binary). While there is substantial evidence that a binary T-F mask is sufficient

to improve speech intelligibility in adverse conditions (as will be discussed at length in

Chapter 5), considerable effort has gone toward microphone-array based techniques

with different enhancement objectives. We now review the main multi-microphone

alternatives to T-F masking seen in the literature.

The most ubiquitous approach to array-based enhancement is beamforming, which

filters and sums the received signals in order to create a spatially-dependent atten-

uation pattern [15]. Fixed beamformers assume a certain direction for the target

signal and spatial distribution for interference energy to generate a fixed attenuation

pattern. Often interference energy is assumed to be equally likely to arrive from any

direction and thus attenuation increases gradually as the direction of arrival (DOA)

deviates from the target direction. In order to achieve more substantial interference

attenuation in a variety of conditions, beamformers have been developed to adapt

across time based on the spatial characteristics of the observed signal [26,66,72,183].

Provided the target direction is known or can be detected, the advantage of an adap-

tive beamformer is that sharper nulls can be steered in the direction of interfering

sources. In principal, it is possible for a beamformer to achieve interference attenua-

tion without any signal distortion in the direction of interest, and thus beamformers

designed with this constraint are said to have a minimum-variance distortionless re-

sponse (MVDR). This is in contrast to the T-F masking approach, where distortion

of the target signal is unavoidable whenever attenuation is applied to a T-F unit that

contains some target energy.
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It is possible to further increase SNR by applying a post-filter (essentially a real-

valued T-F mask) to the output of a beamformer. Ideally, the beamformer achieves

some interference attenuation without distorting the target signal, then interference

can be further reduced using single-channel enhancement methods. The multichan-

nel Wiener filter (MWF), which cascades a MVDR beamformer and a single-channel

Wiener post-filter, is the optimal multichannel linear filter in terms of mean-square

error (MSE) under the assumption that the statistical distribution of both speech

and noise are Gaussian [163,165]. Although the technique is not new, there has been

considerable interest in the MWF as an enhancement method for digital hearing aids

in recent years [39,55]. Following substantial work in single-channel speech enhance-

ment [62,117,125], it has been shown that the cascade of a MVDR beamformer and a

post-filter based on non-Gaussian priors is MSE optimal under alternative statistical

assumptions [79].

Independent component analysis (ICA) is another well-studied alternative to T-

F masking that exploits the assumption that the mixture is comprised of a known

number of statistically independent sources in distinct spatial positions [22,91]. While

fundamentally relying on many of the same principles as beamforming [28], the main

advantages of ICA are that no prior knowledge of the source or microphone positions

are required, updates to the demixing system can be performed even if multiple

sources are active simultaneously, and that higher order statistics can be used to

exploit the non-Gaussianity of each source [22]. Two major drawbacks, however, are

that the number of sources must be known a priori and that in many formulations,
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the number of microphones must be equal to or greater than the number of assumed

sources [22,27,91,164]. To overcome this constraint on the number of sources, methods

often perform separation in individual frequency bands and then attempt to resolve

the resulting across-frequency permutation ambiguity [5,58,139]. The most common

approach to resolving the permutation ambiguity is to estimate the DOA of each

separated signal in each frequency, then group those signals across frequency based

on DOA (see e.g. [153]). Thus, although the sub-band separation mechanism may

differ from the T-F masking systems presented in the previous section, there is still

a close relationship to the localization-based grouping paradigm.

2.3 DOA Estimation and Tracking

In Section 2.1, we focused our attention on binaural approaches to source localization.

Much like in the previous section where we discussed alternatives to binaural T-F

masking, we now provide some background on array-based source localization and

tracking methods that do not assume a binaural input. Such methods are closely

related to many of those discussed for binaural localization. One of the primary

differences being that, since no effect of the head is assumed, array-based methods

often assume the principal cue for DOA estimation is the relative difference in arrival

time between microphone pairs due to different propagation distances, referred to as

the time difference of arrival (TDOA). Note that the term DOA is used rather the

azimuth, because many array methods assume more than two microphones and thus
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DOA may capture both azimuth and elevation, and the term TDOA is used rather

than ITD, because no listener is assumed.

The generalized cross correlation (GCC) method is a well-known approach for

TDOA estimation that assumes ideal single-path propagation of an individual source

[105]. By this we mean that the model accounts only for direct propagation from the

source location to the microphone and ignores any reflected energy. In GCC, the two

received signals are multiplied and summed over an integration window with various

time lags applied to one signal. The time lag that produces the most correlated signals

is assumed to reflect the principal TDOA and, based on knowledge of the microphone

spacing, can be used to estimate the DOA. Note that the cross-correlogram based

methods discussed in Section 2.1 are closely related to GCC. Alternatively, one can

find the time lag that minimizes the average magnitude difference function (AMDF)

[42]. As the underlying model for GCC and AMDF does not account for the effect of

reverberation or background noise, several methods have been proposed to increase

robustness in real environments [14,29,51,166]. Methods that more effectively model

source propagation in reverberant environments [8, 30] or reverberant environments

with background noise [54] have also been proposed.

The above methods are formulated to estimate the DOA of a single sound source,

where key differences are the result of differing assumptions about environmental fac-

tors such as source propagation and background noise. For localization of multiple

sound sources, methods also differ in how they handle source activity, interaction

and source movement across time. If it can be assumed that sources are in a fixed
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spatial position over a given time interval, a simple approach is to integrate the

frame-level response of a DOA method across time and select multiple peaks in the

resulting function [1,112] (much like localization in [127,149] discussed above). This

approach implicitly assumes non-stationary sources in that it requires that different

sources dominate different time periods. It can be effective with sufficient separation

between sources and time integration, but can perform poorly when one source is

dominant over the majority of the integration period. As was true for binaural seg-

regation methods, there is an inherent relationship between multisource localization

and separation, and as such, the separation methods discussed in the previous section

implicitly extract information about the location and propagation of each separated

source. The demixing filters estimated in an ICA-based approach contain the TDOA

of each source [23], and focusing on localization rather than separation allows one to

handle under-determined mixtures [116]. Similarly, the covariance matrices obtained

to separate each source in [58] and the models used to estimate T-F masks in [124]

contain estimates of source TDOAs.

While the above methods can handle localization of one or more sources, none

explicitly deal with tracking the position of a source across time. Tracking is vital to

many applications where sources may move, the number of sources may, or even the

microphone array may move (e.g. microphones mounted on a hearing aid or mobile

robot). The field of multitarget tracking is well developed [122], however most effort

has gone towards tracking in SONAR or RADAR applications. Methods for tracking

the position of one or more acoustic sources from a set of microphones have been
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proposed in [121,126,171,180,197]. The method proposed in [121] extends the single-

source methods proposed in [171, 180]. GCC-based TDOA estimates generated from

multiple microphone pairs are used to construct a multitarget Bayes filter using the

formalism of random finite sets [122]. Source birth, death and movement are naturally

captured with a transition model and the multitarget posterior is approximated using

a particle filter. The method proposed in [126] is related to the ICA-based approach

of [116], but the system incorporates a statistical framework to propagate information

across time and uses a “glimpsing model” to handle a time-varying number of sources.

Because separation is handled independently in frequency sub-bands, it is possible

to both separate and localize more sources than sensors, although similar to the

separation systems mentioned above, this causes the system to be sensitive to aliasing

because of across-frequency permutation ambiguity.

2.4 Integrating Multiple Acoustic Cues

In this section we discuss relevant literature that incorporates both non-spatial and

spatial cues to perform either localization, tracking or segregation. We first note that

out of convenience, we often refer to non-spatial cues as monaural cues. We point

this out to make clear that we are not referring to monaural spatial cues due to the

outer ear, which are important for three-dimensional sound localization [10].

First, while most existing approaches to array-based segregation and enhancement

cannot function in a condition without spatial separation between sources, it is impor-

tant to point out that such systems do not ignore monaural, source-dependent cues.
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Much like single-channel speech enhancement techniques, multichannel enhancement

techniques that incorporate a post-filter also take advantage of assumed statistical

distributions for both speech and noise. Similarly, by maximizing independence be-

tween output signals in ICA-based separation, the optimization criteria used exploits

non-Gaussian characteristics of each source [22].

Inspired by single-channel systems that incorporate prior training of spectral

models for speech [151], multichannel systems have also been developed to perform

separation of a known number of speech sources based jointly on spatial cues and

pre-trained speech models [134, 135, 145, 182, 185]. With speaker-independent mod-

els [134,135,182,185], such systems can provide a benefit relative to using spatial cues

alone by enforcing consistency between the estimated signals and the trained mod-

els, but still fundamentally rely on spatial cues. Systems that incorporate speaker-

dependent models [145, 182] could potentially function even with co-located sources

(in which case performance would correspond to monaural processing), but require

knowledge or detection of the speakers contained in the mixture. Methods that com-

bine multichannel enhancement and speech recognition have also been proposed (see

e.g. [146, 155]). In this case, knowledge of the target word sequence can be used to

design an objective function for a filter and sum beamformer that maximizes the

likelihood of that word sequence, leading to improved enhancement of the target

signal.

The above systems incorporate either speaker-dependent or speaker-independent

spectral models to complement spatial cues. Numerous studies have also considered
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integrating periodicity to improve array-based localization or segregation. Several

studies have noted that both pitch and TDOA are well represented in the cross-

spectrum between two microphone signals and have thus proposed methods for joint

estimation of both features [31,95,99,131]. However, these methods do not provide a

systematic framework for dealing with multiple sources, where multiple pitches and

TDOAs must be tracked across time and paired consistently with the same under-

lying source. The system proposed in [73] extends the “position-pitch” algorithm

of [99] to the case with multiple speakers in a reverberation environment, but a large

microphone array is used. In [14,32], pitch information is used to improve frame-level

TDOA estimation of a dominant source in reverberation. Under the assumption that

sources have strong harmonic components, a method to localize a fixed number of

sources based on phase cues extracted from sinusoidal tracks is proposed in [196].

Segregation of two talkers based on joint estimation of pitch and location using a

recurrent timing neural network was proposed in [195], however the authors focus

on anechoic conditions. The system proposed in [194] derives separate target speech

estimators based on both pitch and localization cues, where estimates are then com-

bined based on confidence scores derived from consistency of the pitch and azimuth

estimates across time. Tracking of the time delay and pitch of the dominant source

is handled implicitly by the system. In [50, 130, 159], localization cues are used to

improve pitch estimation and across-time assignment of pitch points to one of two

sources. The system proposed in [120] combines both pitch and azimuth cues in a

framework for fragment-based speech recognition.
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2.5 Summary

The review above illustrates that both localization and segregation are well stud-

ied problems and that there is much overlap between the techniques available for

each task. While systems have been developed from different perspectives, the phys-

ical cues underlying different approaches to spatial processing are largely the same -

between microphone timing and level differences. Although many incorporate monau-

ral information in some capacity, most existing approaches to binaural segregation,

multichannel speech enhancement and BSS fundamentally rely on the spatial cues

for each source to be sufficiently different. Little work has systematically compared

the capacity of monaural and binaural cues to perform simultaneous and sequential

organization or studied the potential of monaural grouping to improve multisource

localization. In the next four chapters we present our proposed approaches to address

these important computational problems.
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CHAPTER 3

SIMULTANEOUS AND SEQUENTIAL ORGANIZATION

In this chapter we analyze the capacity of both monaural and binaural cues to per-

form simultaneous and sequential organization. We develop a maximum likelihood

framework for joint localization and sequential organization of voiced speech that

incorporates an existing system for pitch-based simultaneous organization [85]. Pre-

liminary studies with this framework were published in [188–190].

3.1 Introduction

As outlined in the previous chapters, existing approaches to array-based speech seg-

regation and enhancement utilize spatial cues [15] and consequently, rely on sufficient

spatial separation between sources and limited reverberation and background noise.

Binaural CASA systems utilize spatial cues within frameworks for localization-based

grouping [64, 149], whereby one or more sound sources are first localized, then T-F

units are grouped according to their level of consistency with the identified locations.

As discussed in Chapter 2, these systems are closely related to spatial clustering

approaches to BSS [93, 123, 136, 152].
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While significant effort has been invested in increasing the robustness of localization-

based grouping or spatial clustering to reverberation [76,124,138,147], these methods

are limited by the discriminative power of spatial cues. In this chapter we propose

an alternative framework that integrates monaural and binaural analysis to achieve

robust localization and segregation of voiced speech in reverberant environments.

Adopting the language of ASA [17], our proposed system uses monaural cues to

achieve simultaneous organization, or grouping sound components of the mixture

across frequency and short, continuous time intervals. This allows locally extracted,

unreliable binaural cues to be integrated over large T-F regions. Integration over such

regions enhances localization robustness in reverberant conditions and in turn, we use

robust localization to achieve sequential organization, or grouping sound components

of the mixture across disparate intervals of time. The proposed framework is moti-

vated in part by the psychoacoustics literature discussed in Chapter 1, which suggests

that binaural cues may play a limited role in simultaneous organization [41,156], but

are important for sequential organization [6, 46, 47, 65, 77, 102].

Utilizing binaural cues to handle sequential organization is attractive because

monaural features alone may not be able to solve the problem. For example, in a

mixture of two male speakers with a similar pitch range, pitch-based features cannot

be used for grouping components that are distant in time. As a result, feature-based

monaural systems have largely avoided sequential organization by focusing on short

utterances of voiced speech [174] or assuming prior knowledge of the target signal’s
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pitch [96], or achieved sequential organization by assuming speech mixed with non-

speech interference [84].

Shao and Wang explicitly addressed sequential organization in a monaural system

using a model-based approach [161]. They use pitch-based monaural processing to

perform simultaneous organization of voiced speech, and speaker identification to

perform sequential organization of the already formed time-frequency segments. They

provide extensive results on sequential organization performance in co-channel speech

mixtures as well as speech mixed with non-speech intrusions. The study of [187]

also utilizes speaker-dependent models to perform sequential organization of pitch

estimates using a factorial hidden Markov model. Speaker-independent clustering of

pitch-based T-F segments based on cepstral features is proposed in [87]. However,

these studies do not address sequential organization in reverberant environments.

In the following section we provide an overview of the proposed architecture. In

Section 3.3 we discuss monaural simultaneous organization of voiced speech. Section

3.4 outlines our methods for extraction of binaural cues, for calculating azimuth-

dependent cues, and a mechanism for weighting cues based on their expected relia-

bility. In Section 3.5, we formulate joint sequential organization and localization in

a probabilistic framework. We assess both simultaneous and sequential organization

performance, and compare the proposed system to existing methods in Section 3.6.

We conclude with a discussion in Section 3.7.
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Figure 3.1: Schematic diagram of the proposed system. Cochlear filtering is ap-
plied to both the left and right ear signal of a binaural input. Monau-
ral processing generates simultaneous streams from the better ear sig-
nal. Azimuth-dependent cues are extracted using a set of models trained
on between-ear level and timing differences. Simultaneous streams and
azimuth-dependent cues are combined in a final stage to achieve localiza-
tion and sequential organization.

3.2 System Overview

The proposed system integrates monaural and binaural analysis to achieve segregation

of voiced speech. A diagram is provided in Figure 3.1. The input to the system is a

binaural recording of a speech source mixed with one or more interfering signals. The

recordings are assumed to be made with two microphones inserted in the ear canals

of a human listener or dummy head, and we will refer to the two mixture signals as

the left ear and right ear signals, denoted by uL[n] and uR[n] respectively.

When processing a given mixture, the system first passes both the left and right

signals through a bank of 128 gammatone filters [141] with center frequencies from

50 to 8000 Hz spaced on the equivalent rectangular bandwidth (ERB) scale [70]. As

source signals are originally sampled at 16 kHz, the filterbank captures the entire

speech bandwidth. Each bandpass filtered signal is divided into 20 ms time frames

with a frame shift of 10 ms to create a cochleagram [178] of T-F units. A T-F unit is
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an elemental sound component from one frame, indexed by m, and one filter channel,

indexed by c. We denote a T-F unit as uE
c,m where E ∈ {L,R} indicates the left or

right ear signal.

In the first stage of the system, the tandem algorithm of Hu and Wang [85] is

used to form simultaneous streams from the T-F units of the better ear signal. By

better ear signal, we mean the signal in which the input SNR is higher, as determined

from the signals before mixing. A simultaneous stream refers to a collection of T-F

units over a continuous time interval that are thought to be dominated by the same

source. In the CASA literature, a stream typically corresponds to the set of T-F

units dominated by a specific source. A simultaneous stream refers to a continuous

part of a stream that is grouped through simultaneous organization (i.e. through

across frequency grouping and temporal continuity). The tandem algorithm generates

simultaneous streams for voiced speech using harmonicity and amplitude modulation

cues. Unvoiced speech presents a greater challenge for monaural systems and is not

dealt with in this Chapter (see e.g. [84, 88]).

Binaural cues are extracted that measure differences in timing and level between

corresponding T-F units of the left and right ear signals. A set of trained, azimuth-

dependent likelihood functions are then used to map from timing and level differences

to cues related to source location. Azimuth cues are integrated within simultaneous

streams in a probabilistic framework to achieve sequential organization and to esti-

mate the underlying source locations. The output of the system is a set of streams,

one for each source in the mixture, and the azimuth angles of the underlying sources.
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3.3 Simultaneous Organization

Simultaneous organization in CASA systems forms simultaneous streams, each of

which may contain disconnected T-F segments across frequency but span a continuous

time interval. We use the tandem algorithm proposed in [85] to generate simultaneous

streams for voiced regions of the better ear mixture. The tandem algorithm iteratively

estimates a set of pitch contours and associated simultaneous streams. In a first pass,

T-F segments that contain voiced speech are identified using cross-channel correlation

of correlogram responses. The correlogram is a normalized running auto-correlation

performed in each frequency channel for each time frame [178]. Up to two pitch points

per time frame are estimated by finding peaks in the summary correlogram, created

from only the selected, voiced T-F segments. For each pitch point found, T-F units

that are consistent with that pitch are identified using a set of trained multi-layer

perceptrons (MLPs), one for each frequency channel. Pitch points and associated sets

of T-F units are linked across continuous time intervals to form pitch contours and

associated simultaneous streams using a criterion that measures pitch deviation and

spectral continuity. Pitch contours and simultaneous streams that span only a single

time frame are discarded. Finally, the pitch contours and associated simultaneous

streams are iteratively refined until convergence.

We focus on multi-talker mixtures in reverberant environments, and find that

in this case the criterion used in the tandem algorithm for connecting pitch points

and simultaneous streams across continuous time intervals is too liberal. For this
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reason, we break pitch contours and simultaneous streams when the pitch deviation

between time frames is large. Specifically, let γ1 and γ2 be pitch periods from the

same contour in neighboring time frames. If | log2(γ1/γ2)| > 0.08, the contour and

associated simultaneous streams are broken into two contours and two simultaneous

streams. The value of 0.08 was selected on the basis of informal analysis, and was

not specifically tuned for optimal performance on the data set discussed in Section

3.6.

An example set of pitch contours and simultaneous streams are shown in Figure

3.2. The plots are generated using the better ear mixture of a female talker placed at

−15◦ azimuth and a male talker placed at 30◦ azimuth in a reverberant environment

with 0.4 s reverberation time (T60). There are a total of 27 contour and simultaneous

stream pairs shown. The energy of each T-F unit in the cochleagram of the mixture

is shown in Figure 3.2(a). In Figure 3.2(b), detected pitch contours are shown by

alternating between circles and squares, while ground truth pitch points generated

from the reverberant signals prior to mixing are shown as solid lines. In Figure

3.2(c), each gray level corresponds to a separate simultaneous stream. One can see

that simultaneous streams may contain multiple segments across frequency but are

continuous in time.

3.4 Binaural Processing

In this section we describe how binaural cues are extracted from the mixture signals

and propose a mechanism to translate these cues into information about the azimuth
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(c) Simultaneous streams

Figure 3.2: Example of multipitch detection and simultaneous organization using the
tandem algorithm. (a) Cochleagram of a two-talker mixture. (b) Ground
truth pitch points (solid lines) and detected pitches (circles and squares).
Different pitch contours are shown by alternating between circles and
squares. (c) Simultaneous streams corresponding to different pitch con-
tours are shown with different gray levels.
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of the underlying source signals. We also discuss a method to weight binaural cues

according to their expected reliability.

3.4.1 Binaural Cue Extraction

As described in Chapter 2, two primary binaural cues used by humans for localization

of sound sources are interaural time and level differences, or ITD and ILD, respctively.

We calculate ITD in individual frequency bands by first computing the normalized

cross-correlation,

C(c,m, τ) =

∑
n u

L
c,m[n]u

R
c,m[n− τ ]√∑

n u
L
c,m[n]

2
√∑

n u
R
c,m[n− τ ]2

, (3.1)

where τ ∈ [−44, 44] is the time lag for the correlation and summations are performed

over the corresponding interval of a T-F unit. The ITD is then defined as the time

lag that produces the maximum peak in the normalized cross-correlation function,

or,

τc,m = argmax
τ∈U

C(c,m, τ), (3.2)

where U denotes the set of peak lags in C(c,m, τ).

ILD corresponds to the energy ratio in dB between corresponding T-F units,

calculated as,

λc,m = 10 log10

(∑
n u

L
c,m[n]

2∑
n u

R
c,m[n]

2

)
. (3.3)
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3.4.2 Azimuth-Dependent Likelihood Functions

As discussed in Section 2.1, sound emitted from a given source position in anechoic

environment produces a frequency-dependent set of ITDs and ILDs due to the lis-

tener’s HRTFs. Again, we refer to this azimuth- and frequency-dependent pattern of

cues as direct-path cues (see Figure 2.1). In order to effectively integrate interaural

information across frequency for a given position, the direct-path cues must be taken

into account. Further, integration of ITD and ILD cues extracted from reverberant

and multisource mixtures should account for deviations from the direct-path cues.

To alleviate some of the complexity associated with multisource localization and

segregation, we restrict sound sources to be in front of the listener with 0◦ eleva-

tion. As a result, source localization reduces to azimuth estimation in the interval

[−90◦, 90◦]. To translate from raw ITD-ILD information to azimuth, we train a joint

ITD-ILD likelihood function, Pc(τ, λ|θ), for each azimuth, θ, and frequency channel,

c. Likelihood functions are trained on single-source speech in various room configu-

rations and reverberation conditions using kernel density estimation [162]. The room

size, listener position, source distance and reflection coefficients of the wall surfaces

are randomly selected from a pre-defined set of 540 possibilities (see Section 3.6.1

for more details). Following Roman et al. [149], we use Gaussian kernels for density

estimation and choose smoothing parameters using the least-squares cross-validation

method [162]. For a more detailed description, see [149].

An ITD-ILD likelihood function is generated for each of 37 azimuths, [−90◦, 90◦]
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spaced by 5◦, and for each of the 128 frequency channels. With these functions,

we can translate the ITD-ILD values measured from a given T-F unit pair into an

azimuth-dependent response. Due to reverberation, we do not expect the maximum

of the response for each T-F unit pair to be a good indication of the dominant source’s

azimuth, but hope that a good indication of the dominant source’s azimuth emerges

through integration over a simultaneous stream.

The set of likelihood distributions for a specific azimuth captures both the frequency-

dependent pattern of ITDs and ILDs for that azimuth and the multi-peak ambiguities

present at higher frequencies where signal wavelengths are shorter than the distance

between microphones. Each distribution has a peak corresponding to the direct-path

cues for that angle, but also captures common deviations from the direct-path cues

due to reverberation. We show three distributions in Figure 3.3 for azimuth 25◦. Note

that, in addition to the above points, the azimuth-dependent distributions capture the

complementary nature of localization cues [10] in that ITD provides greater discrim-

ination between angles at lower frequencies (note the large ILD variation in the 400

Hz example) and ILD improves discrimination between angles at higher frequencies

where spatial aliasing hinders discrimination by ITD alone.

Our approach is adapted from the one proposed in [149]. In that system two ITD-

ILD likelihood functions are trained for each frequency channel, Pc(τc,m, λc,m|H0) and

Pc(τc,m, λc,m|H1), where H0 denotes the hypothesis that the target signal is stronger

than the interference signal, and H1 that the target is weaker. The distributions

Pc(τc,m, λc,m|H0) and Pc(τc,m, λc,m|H1) are trained for each target/interference angle
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configuration. The ITD search space is limited around the expected direct-path

target ITD in both training and testing to avoid the multi-peak ambiguity in higher

frequency channels. For a test utterance, the azimuths of both target and interference

sources are estimated, the appropriate set of likelihood distributions is selected and

the maximum a posteriori decision rule is used to estimate a binary mask for the

target source.

There are two primary reasons for altering the method in [149] to the one pro-

posed here. First, our proposed approach lowers the training burden because likeli-

hood functions are trained for each angle individually, rather than as combinations of

angles. Second, the fact that we do not limit the ITD search space in training allows

us to use the likelihood functions in estimation of the underlying source azimuths,

rather than requiring a preliminary stage to estimate the angles. Because we do not

limit the ITD search space, our approach does not attempt to resolve the multi-peak

ambiguity inherent in high frequency ITD calculation at the T-F unit level. For fre-

quency channels in which the wavelength of the signal is shorter than the spacing

between microphones, multiple peaks are captured by the likelihood functions (see

Figure 3.3). Spatial aliasing in these channels is naturally resolved by integrating

across frequency within a simultaneous stream.

3.4.3 Cue Weighting

In reverberant environments, many T-F units will contain cues that differ significantly

from direct-path cues. Although these deviations are incorporated in the training of
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the ITD-ILD likelihood functions described above, including a weighting function

or cue selection mechanism that indicates when an azimuth cue should be reliable

can improve localization performance. Motivated by the precedence effect [111], we

incorporate a simple cue weighting mechanism that identifies strong onsets in the

mixture signal. When a large increase in energy occurs, and shortly thereafter, the

azimuth cues are expected to be more reliable. We therefore generate a weight, wE
c,m,

associated with uE
c,m that measures the change in signal energy over time. We first

extract the signal envelope for each frequency channel of the left and the right signal

by squaring and passing each sub-band through a first-order IIR filter with a time

constant of 10 ms. The resulting envelope signals are then decimated to a sample

rate of 100 Hz (to match the frame rate of the other processing stages). Finally we

compute,

wE
c,m =

eEc [m]− eEc [m− 1]

eEc [m− 1]
, (3.4)

as the weight for unit uE
c,m. Here e

E
c [m] denotes the sample of the decimated envelope

signal corresponding to uE
c,m.

In preliminary testing, we have found better performance by keeping only those

weights above a specified threshold. The difficulty with a fixed threshold however, is

that one may end up with a simultaneous stream with no unit above the threshold. To

avoid this we set a threshold for each simultaneous stream so that the set of T-F units

exceeding the threshold retain 25% of the signal energy in the simultaneous stream.

wc,m is set to 0 for all T-F units below the selected threshold. We have found that
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the system is not particularly sensitive to the value of 25% and that values between

about 15% and 40% give similar performance in terms of localization accuracy.

Alternative selection mechanisms have been proposed in the literature [32,63,186].

Faller and Merimaa proposed interaural coherence as a cue selection mechanism [63],

although in preliminary experiments we found the proposed method to outperform

selection methods based on interaural coherence. The method proposed in [186]

uses ridge regression to learn a finite-impulse response filter that predicts localiza-

tion precision for single-source reverberant speech in stationary noise. This method

essentially identifies strong signal onsets, as does our approach, but requires training.

The study in [32] finds that a precedence motivated cue weighting scheme performs

similarly to two alternatives on a database of two-talker mixtures in a small office

environment.

3.5 Localization and Sequential Organization

As described above, the first stage of the system generates simultaneous streams for

voiced regions of the better ear mixture and extracts azimuth-dependent cues from

all T-F unit pairs. In this section we describe the source localization and sequential

organization process. The goal of sequential organization is to generate a target or

interference label for each of the simultaneous streams, thereby grouping the simul-

taneous streams across time. Our approach jointly determines the source azimuths
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and sequential organization (simultaneous stream labeling) that maximizes the like-

lihood of the binaural data. This approach is inspired by the model-based sequential

organization scheme proposed in [160].

Let K be the number of sources in the mixture, and I be the number of simultane-

ous streams formed using monaural analysis. Denote the set of all possible azimuths

as Θ and the set of simultaneous streams as G = {g1, g2, ..., gI}, where gi is an in-

dividual simultaneous stream, or, a collection of T-F units. Let Y be the set of all

KI sequential organizations, or labelings, of the set G and y be a specific organiza-

tion. We seek to maximize the joint probability of a set of angles and a sequential

organization given the observed data, Z. This can be expressed as,

θ̂0, . . . , θ̂K−1, ŷ = argmax
θ0,...,θK−1∈Θ,y∈Y

P (θ0, . . . , θK−1, y|Z). (3.5)

For simplicity, assume that I = 2 and apply Bayes rule to get,

θ̂0, θ̂1, ŷ = argmax
θ0,θ1∈Θ,θ0 �=θ1,y∈Y

P (Z|θ0, θ1, y)P (θ0, θ1, y)

P (Z)
,

= argmax
θ0,θ1∈Θ,θ0 �=θ1,y∈Y

P (Z|θ0, θ1, y), (3.6)

assuming that all angle combinations and sequential organizations are equally likely

(with the exception that P (θ0 = θ1) = 0). We note that the assumption that all

sequential organization are equally likely (i.e. P (y) is uniform) is made to derive a

computationally efficient solution and does not necessarily hold. We provide more

discussion regarding this point in Section 3.7.

Now, let G0 be the set of simultaneous streams associated with θ0 and G1 be

the set of simultaneous streams associated with θ1 by y. Using ITD and ILD as the
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observed mixture data, and assuming independence between simultaneous streams

and between T-F units of the same simultaneous stream, we can express Equation

(3.6) as,

θ̂0,θ̂1, ŷ =

argmax
θ0,θ1∈Θ,θ0 �=θ1,y∈Y

⎡
⎣ ∏
gi∈G0

∏
uc,m∈gi

Pc(τc,m, λc,m|θ0) ·
∏

gj∈G1

∏
uc,m∈gj

Pc(τc,m, λc,m|θ1)
⎤
⎦

(3.7)

where Pc denotes a probability function defined for frequency channel c (see Section

3.4.2). Note that we have dropped the superscript E ∈ {L,R} for T-F unit notation

since monaural grouping is performed over the better ear signal, which is mixture

dependent.

One can express the above equation as two separate equations that can be solved

simultaneously in one polynomial-time operation as,

ŷi = argmax
yi∈{0,1}

⎡
⎣ ∑

uc,m∈gi
log(Pc(τc,m, λc,m|θyi))

⎤
⎦ , (3.8)

θ̂0, θ̂1 = argmax
θ0,θ1∈Θ,θ0 �=θ1

⎡
⎣ I∑

i=1

∑
uc,m∈gi

log(Pc(τc,m, λc,m|θŷi))
⎤
⎦ , (3.9)

where ŷi denotes the label assigned to gi. The key assumption in moving to Equa-

tions (3.8) and (3.9) is the independence between simultaneous streams expressed in

Equation (3.7).
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Incorporating the weighting parameter defined in Section 3.4.3, Equations (3.8)

and (3.9) become,

ŷi = argmax
yi∈{0,1}

⎡
⎣ ∑

uc,m∈gi
wc,m log(Pc(τc,m, λc,m|θyi))

⎤
⎦ , (3.10)

θ̂0, θ̂1 = argmax
θ0,θ1∈Θ,θ0 �=θ1

⎡
⎣ I∑

i=1

∑
uc,m∈gi

wc,m log(Pc(τc,m, λc,m|θŷi))
⎤
⎦ . (3.11)

For the case with K > 2, use yi ∈ {0, 1, . . . , K − 1} rather than yi ∈ {0, 1}

in Equation (3.10) and {θ0, θ1, . . . , θK−1} ∈ Θ, θi �= θj in Equation (3.11). The

complexity of the search space is I

(|Θ|
K

)
, which is reasonable when the number of

sources of interest is relatively small and the size of the azimuth space is moderate.

In our experiments in Section 3.6, |Θ| = 37 and K ≤ 3. We provide a more thorough

discussion regarding search complexity and independence assumptions in Section 3.7.

3.6 Evaluation and Comparison

In this section we evaluate source localization, localization-based sequential organiza-

tion, and segregation of voiced speech using the proposed integration of monaural and

binaural processing. We analyze localization performance with and without the cue

weighting mechanism discussed in Section 3.4.3 and compare the proposed method

to two existing methods in various reverberation conditions. We evaluate sequential

organization performance in various reverberation conditions through comparison to

a model-based approach and to a method that incorporates prior knowledge. Finally,
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we evaluate voiced speech segregation of the full system through comparison to an

exclusively binaural approach and to identify the conditions in which integration of

monaural and binaural analysis can outperform binaural analysis alone.

3.6.1 Training and Mixture Generation

We use the ROOMSIM package [25] to generate impulse responses that simulate

binaural input at human ears. This package uses measured HRTF data from a KE-

MAR mannequin [67] in combination with the image method for simulating room

acoustics [3]. We generate a training and an evaluation library of binaural impulse

responses (BIRs) for 37 direct sound azimuths between −90◦ and 90◦ spaced by 5◦,

and 7 T60 times between 0 and 0.8 s. For the training library, 3 room size configura-

tions, 3 source distances from the listener (0.5, 1 and 1.5 m) and 5 listener positions

in the room are used. For the evaluation library, 2 room size configurations (differ-

ent from those in training), 3 source distances from the listener (same as those in

training) and 2 listener positions (different from those in training) are used.

In order to train the ITD-ILD likelihood distributions, speech signals randomly

selected from the 8 dialect regions in the training portion of the TIMIT database [68]

are upsampled to 44.1 kHz and convolved with a randomly selected BIR from the

training library (for a specified angle). Training is performed over 100 reverberant

signals for each of the 37 azimuths (see Section 3.4.2).

For evaluation mixtures we select target and interference speech signals from the

TIMIT database, upsample the signals to 44.1 kHz, pass the signals through a BIR
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from the evaluation library for a desired azimuth and T60 time, and sum the resulting

binaural target and interference signals to create a binaural mixture. We generate

200 two-talker mixtures and 200 three-talker mixtures for each of the reverberation

conditions. Room dimensions, source distance and listener position are randomly

selected and applied to all sources for each mixture. For the two-talker mixtures,

source azimuths are selected randomly to be between 10◦ and 125◦ apart. For the

three-talker mixtures, source azimuths are selected randomly to be at least 10◦ apart.

The average azimuth spacing over each set of two-talker mixtures is 53◦, whereas the

average spacing from the target source to the closest interference source is 41◦ for

each set of three-talker mixtures. Speech utterances, azimuths and room conditions

remain constant across different T60 times. Only the reflection coefficient of the wall

surfaces was changed to achieve the selected T60. The SNR of each mixture is set to

0 dB using the dry, monaural TIMIT utterances. This results in better ear mixtures

that average 2.8 dB in anechoic conditions down to 1 dB in 0.8 s T60 for the two-

talker case, and -0.4 dB in the anechoic mixtures down to -1.6 dB in 0.8 s T60 for the

three-talker case. Mixture lengths are determined using the target utterance with the

interference signals either truncated or concatenated with themselves to match the

target length. In order to make a comparison to the model-based approach (discussed

further in Section 3.6.3), the speakers used for the test mixtures are drawn from the

set of 38 speakers in the DR1 dialect region of the TIMIT training database.
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3.6.2 Localization Performance

In this section we analyze the localization accuracy of the method described in Sec-

tion 3.5. Specifically, we measure average azimuth estimation error with and without

cue weighting. We also compare localization performance to two existing methods

for localization of multiple sound sources, as proposed in [51, 112], and to an exclu-

sively binaural system that incorporates the azimuth-dependent likelihood functions

described in Section 3.4.2, but labels each T-F unit independently.

The approach proposed by Liu et al. in [112], termed the stencil filter, performs

coincidence detection for each frequency bin and time frame and counts the detected

ITD as evidence for a particular azimuth if it falls along the azimuth’s “primary” or

“secondary” traces. The primary trace is simply the predicted ITD for that angle,

while the secondary traces are due to ambiguity at higher frequencies. For comparison

on the database described, some changes were necessary to account for the (some-

what) frequency-dependent nature of ITDs as detected by a binaural system and the

discrete azimuth space. Further, because angles are assumed constant over the length

of the mixture, azimuth responses from the stencil filter were integrated over all time

frames for added accuracy and the two most prominent peaks were selected as the

underlying source angles.

The system proposed in [51], denoted SRP-PHAT, is a steered beamformer that

incorporates the phase transform (PHAT) weighting to increase robustness in rever-

berant conditions. Our implementation measures the response power over 20 ms time
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frames that overlap by 50%. We integrate over frequencies up to 8 kHz, since the

TIMIT sources do not have energy beyond this frequency, sum the responses across

time and select the K most prominent peaks as the source azimuths. We consider the

same set of azimuths used in the proposed method and use the direct-path interaural

phase differences of the KEMAR HRTFs for beam steering.

The exclusively binaural system treats each T-F unit independently and jointly

estimates source azimuths and time-frequency masks. Specifically, for a given set of

angle hypotheses {θ̂0, . . . , θ̂N−1}, each T-F unit is given a source assignment, yc,m,

using the azimuth-dependent likelihood functions. The azimuth set that maximizes

the likelihood after integration over all T-F units is selected. This can be expressed

with a slight alteration of Equations (3.8) and (3.9),

ŷc,m = argmax
yc,m∈{0,...,N−1}

Pc(τc,m, λc,m|θyc,m), (3.12)

θ̂0, . . . , θ̂N−1 = argmax
θ0,...,θN−1∈Θ

∑
uc,m

Pc(τc,m, λc,m|θŷc,m). (3.13)

This approach is similar in spirit to [93,123,124] in that source azimuths and time-

frequency masks are jointly estimated, allowing localization cues to be integrated over

a subset of T-F units in the mixture. One key difference is that the binaural system

presented here takes advantage of the pre-trained, non-parametric likelihood functions

whereas [93, 123, 124] fit parametric models directly to the observed mixture. It is

important to note that we do not incorporate the voiced simultaneous streams in any

way, thus unlike the proposed system, the binaural localization system makes use of

both voiced and unvoiced speech.
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Figure 3.4: Azimuth estimation error averaged over 200 two-talker mixtures, or 400
utterances, for various reverberation times. Results are shown using the
proposed approach with and without cue weighting, and three alternative
approaches.

Average azimuth error on the two-talker mixtures is shown in Figure 3.4. Estima-

tion is performed for 400 source signals (2 in each of the 200 two-talker mixtures) and

for 7 T60 times. The results indicate that including weights associated with signal

onsets improves azimuth estimation of the proposed method when significant rever-

beration is present. We can also see that both proposed methods outperform the

existing methods for T60 of 300 ms or larger. The improvement relative to the stencil

filter method averages 5.18◦ over the T60 range of 400 ms to 800 ms, 3.74◦ relative to

the SRP-PHAT approach, and 3.51◦ relative to the exclusively binaural approach.

The difference in performance between the methods is largely captured by how

well they localize both sources in the mixtures. If we consider only the source that

was localized with the most precision, the average azimuth error of all methods was
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near or below 2◦ in all T60 times. However, the proposed method was able to localize

the second source with far more accuracy than the alternative methods. When T60

ranges from 400 ms to 800 ms, the proposed method decreased the average azimuth

error of the less accurately localized source by between 60% and 70% relative to the

alternative systems.

Performance on the three-talker mixtures followed the same trends, with the pro-

posed system providing an accuracy improvement of 33%, 41% and 48% over the

binaural, SRP-PHAT and stencil filter methods, respectively, over the T60 range of

300 ms to 800 ms. The proposed system achieved about 5◦ azimuth error on this set

of reverberant mixtures, averaged over the 600 sources (3 in each of the 200 mixtures)

localized in each of the 4 T60 times.

The key advantage of both the proposed system and the binaural system is that

azimuth-dependent cues for a particular source are not integrated over the entire

mixture, as they are in the stencil filter and SRP-PHAT approaches. The comparison

between the proposed method without cue weighting and the binaural method shows

that monaural grouping alone facilitates more accurate localization as T-F units are

not treated completely independent of one another. Selecting a subset of the T-F

units using a mechanism for cue weighting is also advantageous in terms of localization

accuracy. We extend the proposed system and more thoroughly evaluate localization

in adverse conditions in Chapter 4.
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3.6.3 Simultaneous and Sequential Organization Performance

We analyze the quality of both simultaneous and sequential organization using the

IBM. As the proposed system only deals with voiced speech, we evaluate simultane-

ous organization in voiced speech regions by finding the percentage of mixture energy

(in dB) contained in the simultaneous streams that is correctly labeled by an esti-

mated mask, where ground truth labeling of a T-F unit in a simultaneous stream

is generated using the IBM of the better ear mixture. We refer to this metric as

the labeling accuracy. To evaluate sequential organization, we compare performance

against a “ceiling” measure that incorporates ideal knowledge and to a recent model-

based system [161]. We refer to the ceiling performance measure as ideal sequential

organization (Ideal S.O.). In this case, a target/interference decision is made for each

simultaneous stream based on whether the majority of the mixture energy is labeled

target or interference by the IBM.

The model-based system uses pre-trained speaker models to perform sequential

organization of simultaneous streams for voiced speech [161]. Speaker models are

trained using an auditory feature, gammatone frequency cepstral coefficients [161],

and the system incorporates missing data reconstruction and uncertainty decoding

to handle simultaneous streams that do not cover the full frequency range. The

system is designed for anechoic speech trained in matched acoustic conditions. To

account for both the azimuth-dependent HRTF filtering and reverberation contained

in the mixture signals used in our database, some adjustments were made. First,
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we train speaker models for each of the reverberation conditions that will be seen in

testing. For each of the 38 speakers, we select 7 out of 10 utterances for training,

generate 10 variations of each of these utterances with randomly selected azimuths

for each of the 7 reverberation times. This helps to minimize the mismatch between

training and testing conditions, although as mentioned above, the impulse responses

used in training are different from those in testing. We found this approach to give

better performance than feature compensation methods (e.g. cepstral mean and

variance normalization) for mismatched training and testing conditions. In [161], a

background model is used to allow the system to process speech mixed with multiple

speech intrusions or non-speech intrusions. Since we focus on the two and three-talker

cases, we found that assuming all speakers are known a priori produces better results

than using a generic background model. Incorporating this prior knowledge ensures

that we are comparing to a high level of performance potentially achievable by the

model-based system.

To identify the conditions in which the proposed integration of monaural and bin-

aural analysis can improve segregation relative to binaural analysis alone, we compare

performance to the exclusively binaural system described in Equations (3.12) and

(3.13). For the purpose of comparison, we continue to measure the labeling accuracy

within the simultaneous streams, even though the exclusively binaural approach is

able to generate a binary mask for the entire mixture.

As previously stated, the exclusively binaural system has much in common with

59



the systems proposed in [93, 123, 124]. The key difference is that the binaural sys-

tem presented here uses pre-trained, non-parametric likelihood functions rather than

fitting parametric models to the observed mixture. To test whether models that are

tuned to capture the reverberation condition of a specific mixture improves perfor-

mance, we trained alternative non-parametric likelihood functions tuned for each T60

time of the test database. On our two-talker database we found little benefit in using

the T60-specific models for either the exclusively binaural or the proposed system

(0.3% better on average for both systems). In training the likelihood functions as

described in Section 3.6.1, we have generated a binaural model that, while specific to

the binaural microphone (or listener) used for training, provides good performance

across a variety of room conditions.

In Figure 3.5 we show the performance of the proposed system, the model-based

system, the binaural system and the ideal sequential organization scheme on the two-

and three-talker mixtures. The performance achieved by Ideal S.O. indicates the

quality of the monaural simultaneous organization. Any decrease below 100% reflects

that the simultaneous streams are not exclusively dominated by target or interference.

On the two-talker mixtures shown in Figure 3.5(a), labeling error due to monaural

analysis averages 11.6% across all T60 times, and is largely consistent across reverber-

ation conditions. The performance difference between Ideal S.O. and the model-based

or proposed systems reflects errors due to sequential organization. Model-based se-

quential organization introduces an additional 12.7% labeling error, averaged over all

T60 times. The error introduced by localization-based sequential organization ranges
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Figure 3.5: Labeling accuracy of the proposed and comparison systems shown as
a function of reverberation time for (a) two-talker and (b) three-talker
mixtures.
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from 1.8% in low reverberation conditions, up to almost 8% in the most reverber-

ant condition. The relative performance improvement over the model-based system

ranges between 9.5% and 14%, depending on the T60 time. This is notable, especially

considering that the model-based results incorporate prior knowledge of the speaker

identities contained in the mixture and the T60 time of the mixture. The proposed

system outperforms the model-based approach on the three-talker mixtures as well

(see Figure 3.5(b)), although the gap is not as large.

In comparing the proposed system to the Ideal S.O. system, one can see that the

proportion of labeling error attributable to localization-based sequential organization

increases with both T60 time and the number of talkers, suggesting that an increase in

the number of talkers or the reverberation time has a larger impact on the binaural

sequential organization than on the accuracy of the monaural grouping. However,

since all results are obtained from voiced speech only, as generated from the tandem

algorithm’s simultaneous streams, these measures do not penalize the simultaneous

organization stage for what one might call misses, or T-F units that contain primarily

voiced energy from one of the source signals, but are not captured by any of the

simultaneous streams. We note that the proportion of total mixture energy (both

voiced and unvoiced) that is captured by a simultaneous stream is 57% in the two-

talker anechoic case, decreases to 35% averaged over the two-talker mixtures between

300 ms and 800 ms T60 and 33% averaged over the three-talker mixtures between 300

ms and 800 ms T60. This suggests that using monaural simultaneous organization
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Table 3.1: Labeling accuracy as a function of spatial separation (in ◦)

Two-Talker Mixtures Three-Talker Mixtures

≤ 30 35− 60 > 60 ≤ 30 35− 60 > 60

Binaural 63.3% 74.8% 79.8% 66.8% 73.1% 79.0%

Proposed 79.9% 85.1% 85.9% 77.5% 81.1% 82.8%

developed specifically for reverberant environments [96] may improve performance

using the proposed framework.

One can see a strong influence of the reverberation time on the binaural system.

For the two-talker mixtures in which there is little reverberation present, i.e. with T60

of 0 and 100 ms, the binaural system outperforms even the Ideal S.O. system. This

suggests that in these cases the binaural cues are more powerful than pitch-related

cues for achieving simultaneous organization. However in the three-talker case and

in even moderate amounts of reverberation, simultaneous organization achieved by

monaural processing improves performance over exclusively binaural grouping. The

gap between the Ideal S.O. system and the binaural systems increases with both the

amount of reverberation and the number of talkers, indicating that the potential gain

of integrating monaural and binaural processing is greater as the mixture complexity

increases.

It is clear from Figure 3.5 that the proposed system represents a significant im-

provement over the binaural system, and that the margin between the two increases

as a function of T60. The performance margin is also dependent on spatial separation

between sources. Table 3.1 shows the average labeling accuracy of the proposed and
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binaural system as a function of spatial separation between the target source and the

closest interference source for mixtures with T60 between 300 ms and 800 ms. One

can see that our system’s performance does not degrade as severely as the binaural

system for closely spaced sources.

Due to the nature of the monaural processing used in this study, there is some

influence of source gender on performance of the proposed system. For the two-talker

mixtures with T60 between 300 ms and 800 ms, the average labeling accuracy is

81.7% for mixtures where talkers have the same gender and 85.3% when talkers have

different genders. This effect is even more pronounced for the model-based system

where average accuracy is 80.2% when talkers have different genders and only 68.2%

for same-gender mixtures. In our two-talker database, 46% of the mixtures have

sources with different genders. The difference in performance between the proposed

system and comparison systems is similar for male-male and female-female mixtures.

3.7 Discussion

The results in the previous section illustrate that integration of monaural and binaural

analysis allows for robust localization performance, which enables sequential organi-

zation of speech in environments with considerable reverberation. The localization-

based sequential organization outperforms model-based sequential organization that

utilizes only monaural cues, and the proposed integration of monaural and binaural

analysis outperforms an exclusively binaural approach in terms of voiced speech seg-

regation on two- and three-talker reverberant mixtures. We have also shown that,

64



in addition to improving segregation performance, incorporation of monaural group-

ing improves localization performance over three exclusively binaural methods. We

address multisource localization in adverse conditions more thoroughly in Chapter 4.

The discrete azimuth space used in this study avoids two potential issues. First,

the azimuth-dependent ITD-ILD likelihood functions are manageable in number (37

for each frequency channel in this study). Second, the joint search over all possible

azimuths is computationally feasible. In the case of a more finely sampled or continu-

ous azimuth space, or a localization space that includes elevation, one would need to

carefully consider how to overcome both issues. To overcome the need for training an

unwieldy amount of likelihood functions in a variety of acoustical conditions, para-

metric likelihood functions could be used without considerable performance sacrifice.

In analyzing the trained ITD-ILD likelihood functions, clear patterns emerge that

could be utilized to formulate a parametric model. Certain key parameters, such as

the primary peak locations and spread of the distributions, could be learned from

training data from a discrete set of source positions and extrapolated to a continuous

space. We develop a model along these lines in Section 4.2.2. The second issue of

joint search over all possible angles in a finely sampled or continuous space could be

avoided by doing an initial search in a discretized space (such as the one used here),

then refining the source positions in a limited range.

The development in Section 3.5 assumes that all sequential organizations are

equally likely. For mixtures in which the input SNR is significantly different from

0 dB, improved performance may be achieved by allowing simultaneous stream labels
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to favor one source. Further, simultaneous stream labels are not truly independent.

While this may be true for simultaneous streams that are separated in time, this

assumption is questionable when two simultaneous streams overlap in time. In the

majority of cases, simultaneous streams that overlap in time are due to different

sources. Further, it may be possible to capture common relationships between simul-

taneous streams nearby in time due to regularities in speech spectra. The framework

developed in Chapter 6 takes an alternative approach to simultaneous organization

to address this issue.

Finally, since the proposed system only processes voiced speech, it is essential to

develop methods to handle unvoiced speech. Binaural cues are likely a powerful tool

for handling unvoiced speech, which is challenging with only monaural cues (see [84]).

In Chapter 4, we incorporate unvoiced speech by adding additional monaural cues to

the localization procedure. In Chapter 6 we develop a full segregation system that

handles both voiced and unvoiced speech.
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CHAPTER 4

MULTISOURCE LOCALIZATION IN ADVERSE

CONDITIONS

The focus of this chapter is on localization of multiple sources from a binaural in-

put. We extend the system described in Chapter 3 and provide a thorough anal-

ysis of localization performance in reverberant and noisy conditions. We propose a

novel azimuth-dependent model of binaural cues and incorporate additional monaural

grouping cues. A preliminary version of this chapter was published in [191].

4.1 Introduction

As outlined in Section 2.1, binaural localization has received significant attention in

CASA due to a desire to understand and model the underlying computational mech-

anisms involved in human sound localization, and because automatic localization has

applications in hearing prostheses, spatial sound reproduction and mobile robotics.

As we have now mentioned in Chapters 1, 2 and 3, the two main physical cues for

sound localization in terms of azimuth are ITD and ILD. As discussed in Sections
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2.1 and 2.3, the main differences between the observation models used in localiza-

tion methods are a result of different assumptions about environmental factors such

as source propagation, background noise or the microphone setup. For multisource

localization, methods also differ in how spatial information is integrated across time

and frequency, where differences are largely a function of assumptions about source

activity and interaction.

In this chapter we focus on localization of a known number of spatially fixed

sources. As such, integration of spatial cues across time can be handled more simply

than when sources (or microphones) are moving (see e.g. [121, 148]). When sources

are assumed to be fixed over a given interval of time, a simple approach is to first

integrate azimuth information across frequency, then average across time and select

multiple peaks in the resulting azimuth-dependent response function [1,112,127,149].

These methods can be effective with sufficient separation between sources and time

integration, but can perform poorly when one source is dominant over the majority

of the integration period. By assuming source sparsity in a time-frequency (T-F)

representation, spatial clustering methods have been proposed to jointly segregate

and localize a known number of spatially stationary sources [93, 123, 124, 136]. In

this case, localization could potentially be improved by integrating features over a

subset of T-F units, however the demonstrated benefit of recent systems is in terms

of segregation rather than localization [124].

We propose a localization method where, similar to spatial clustering methods,

azimuth estimates are derived from only those T-F units in which a given source is
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thought to be dominant. In contrast to existing spatial clustering methods, segrega-

tion is performed on the basis of both monaural and binaural cues and we demon-

strate that this improves azimuth estimation in reverberant and noisy conditions.

The proposed approach is motivated by psychoacoustics studies on binaural interfer-

ence, which show that spectrally remote interfering signals can impact lateralization

and ITD discrimination of a target signal [60, 170, 193]. The degree to which the

interfering signals influence subjective judgements, however, is influenced by the de-

gree to which monaural cues support grouping between the target and interference

signals [9, 78, 81, 170]. One well supported interpretation of this research is that

the auditory system performs grouping using multiple features, and that localization

judgements are formed by integrating spatial features within these larger auditory

“objects” [9, 43]. Existing approaches that assume full integration across frequency

(e.g. [1, 8, 105, 127, 149]) are inconsistent with binaural interference studies because

maskers would have the same impact on localization independent of the support for

monaural grouping. Existing spatial clustering approaches are also inconsistent with

binaural interference studies because they implicitly assume object formation on the

basis of spatial cues - thus no binaural interference should be expected.

In Section 4.2 we describe extraction of binaural features and propose a novel

azimuth-dependent binaural model and associated training procedure. We summa-

rize the monaural CASA methods used in Section 4.3. In Section 4.4 we describe

how binaural and monaural cues are integrated within the proposed framework for

the purpose of multisource localization. We describe the evaluation methodology in
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Section 4.5 and discuss the results of several experiments using both simulated and

measured binaural impulse responses in Section 4.6. Section 4.7 concludes the paper

with a discussion of the insights gained from the evaluation and future work.

4.2 Binaural Pathway

4.2.1 Auditory periphery and binaural feature extraction

As in Chapter 3, we assume a binaural input signal sampled at a rate of 44.1 kHz.

The binaural signal is analyzed using a bank of 64 gammatone filters [141] with

center frequencies from 80 to 5000 Hz spaced on the ERB scale. Each bandpass

filtered signal is divided into 20 ms time frames with a frame shift of 10 ms to

create a cochleagram [178] of T-F units. Again, we denote a T-F unit as uE
c,m where

E ∈ {L,R} indicates the left or right ear signal.

The binaural pathway consists of a low-level feature extraction stage where we

calculate the ITD, denoted τc,m, and ILD, denoted λc,m, for each T-F unit pair. We

calculate ITD and ILD as in Equations (3.2) and (3.3), respectively. We then map

ITD-ILD value pairs to azimuth-dependent features using the trained probabilistic

models described below.

4.2.2 Azimuth-dependent binaural model

In Chapter 3 we described a set of non-parametric models to map ITD and ILD

measurements to an azimuth-dependent response for each T-F unit pair (see Section
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3.4.2). Models were trained on simulated reverberant speech using kernel density

estimation. Shortcomings of this approach are that models are not easily adaptable

to a new binaural setup (listener) or a new environment, and that binaural impulse

responses in a reverberant environment must either be measured or simulated (e.g.

using [25]). In this chapter, we develop a simple and flexible azimuth-dependent

GMM of ITD and ILD. The model independently captures the frequency-dependent

pattern of ITD and ILD values due to direct-path propagation, which we again refer

to as direct-path cues, and the statistical effect of environmental factors such as noise

and reverberation. As a result, the model is easily adaptable to different binaural

setups and acoustic conditions. We propose a training approach that avoids the

necessity of reverberant BIRs, which allows for use of the model when only anechoic

HRTFs are available.

We again denote the likelihood of observing a pair of ITD and ILD values in

frequency channel c given energy from a point source with azimuth θ using Pc(τ, λ|θ).

In order to model the direct-path ITD and ILD independently of variance due to

the acoustic conditions, we introduce the direct-to-residual ratio (DRR) for a point

source as a latent variable. We calculate DRR, denoted rc,m, within a pair of T-F

units uL
c,m and uR

c,m as,

rc,m =

∑
n

(
xL
c,m[n]

2 + xR
c,m[n]

2
)

∑
n

(
xL
c,m[n]

2 + xR
c,m[n]

2 + vLc,m[n]
2 + vRc,m[n]

2
) (4.1)

where n indexes a signal sample, xE
c,m denotes the component of uE

c,m in response to

the direct-path of the target source, and vEc,m = uE
c,m − xE

c,m. Each summation is over
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the interval of the corresponding T-F unit. Note that our use of DRR differs from

the common use as an acronym for direct-to-reverberant ratio.

Given the DRR, r, and the direct-path ITD and ILD associated with azimuth θ,

denoted τθ and λθ, we approximate the joint ITD-ILD observation likelihood for an

individual frequency channel using,

Pc(τ, λ|θ) ≈
∑
r

Pc(τ |r, τθ)Pc(λ|r, λθ)Pc(r), (4.2)

where Pc(r) denotes the prior probability of DRR. Here, we assume that r is inde-

pendent of τθ and λθ and that the observed ITD and ILD values are conditionally

independent given the DRR and direct-path cues. We also approximate integration

over r by summation over a discrete set of values.

Due to spatial aliasing, the probability space for observed ITDs in higher fre-

quency channels is multi-modal. We therefore use a mixture of Gaussians to capture

Pc(τ |r, τθ), or,

Pc(τ |r, τθ) =
Kc∑
k=1

ρc,k(r, τθ)N (τ |µc,k(r, τθ), σc,k(r, τθ)), (4.3)

where Kc is determined based on the channel center frequency, the direct-path ITD,

and the range of observable ITD values (between −1 and 1 ms in this study). The ILD

likelihood is well described by a single Gaussian, Pc(λ|r, λθ) = N (λ|µc(r, λθ), σc(r, λθ)).

Finally, letting R be the number of discretized values for r, Pc(r) is a set of R scalar

values. Given that each component of the model is either a set of Gaussians or a

scalar, the full model can be written as a two-dimensional GMM with R ·Kc compo-

nents.
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We show example models for θ = 70◦ at 1000 Hz in Figure 4.1. Figures 4.1(a)

and 4.1(b) show the marginal likelihoods of ITD and ILD, respectively, Figure 4.1(c)

shows two different DRR priors, and Figures 4.1(d) and 4.1(e) show the two resulting

log-likelihood distributions with r marginalized. The joint log-likelihood functions in

Figures 4.1(d) and 4.1(e) are shown as equal contour plots, where 4.1(d) is generated

using the descending prior (squares), and 4.1(e) is generated using the ascending prior

(circles). R = 5 in this example. While each function exhibits two peaks, the primary

peak in 4.1(e) is much higher and sharper than the primary peak in 4.1(d) and is

more selective in terms of ILD. Also note that the secondary peak in 4.1(d) has a

slightly different ITD location and ILD much closer to 0 than the secondary peak in

4.1(e).

4.2.3 Model Training

Recent approaches to training binaural models of ITD and ILD incorporate simula-

tions of multisource pickup in a reverberant environment [127], as described in Section

3.4.2, and thus may be sensitive to deviation from the room configuration or acoustic

conditions used in training. In this work we generate training mixtures by combin-

ing a point source with a simulated diffuse noise, and in doing so, avoid capturing

environment-specific effects. We assume only the HRTFs of the binaural setup are

known. We simulate a point source by filtering monaural signals using the HRTF for

a given azimuth. The diffuse noise is created by passing uncorrelated noise signals
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through each of the HRTFs for the binaural setup and then adding them together.

We provide more detail on the generation of training data in Section 4.5.3.

Given a set of training data for a specific azimuth, we measure τ and λ from each

pair of mixture T-F units and calculate r using Equation (4.1). Since the simulated

target includes only direct-path propagation, xE
c,m and vEc,m are simply the premixed

target and diffuse noise signals. We discretize the r values into R equally spaced bins.

In this study we let R = 5 and have found the procedure to be relatively insensitive

to the number of bins, provided a sufficient number (roughly 3 or more) is used. The

total number of Gaussian components in the resulting model is proportional to R,

thus choosing a small number limits the complexity of the model.

For each frequency channel, azimuth and DRR bin we learn the GMM parameters

for the ITD dimension, {ρc,k(r, τθ), µc,k(r, τθ), σc,k(r, τθ)}, using the EM algorithm,

where k ∈ {1, . . . , Kc}. We set the number of components, Kc, by determining the

number of peaks in the range between −1.1 to 1.1 ms (to capture some edge effects)

assuming that the cross-correlation function used to calculate ITD is periodic with

the channel center frequency and that a peak exists at τθ . We then add one extra

component to give the model more flexibility. The expected number of peaks in

the cross-correlation function, and therefore Kc, increases systematically with center

frequency. For each frequency channel, azimuth and DRR bin we also measure the

sample mean and variance for the ILD dimension, {µc(r, λθ), σc(r, λθ)}. Finally, we

calculate the number of data points that fall into each DRR bin for Pc(r), although
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in order to remove the influence of training conditions, these values may be unused.

We discuss how Pc(r) is set for the experiments in this study in Section 4.5.4.

4.3 Monaural Pathway

Both harmonicity and onset synchrony are known to be strong cues for across fre-

quency grouping in ASA [17] and have been shown to influence localization judge-

ments by human listeners [9, 81]. Motivated by this work and recent advances in

monaural source segregation [178], the proposed framework incorporates a monau-

ral pathway that uses a pitch-based and an onset/offset analysis to group T-F units

dominated by the same underlying source. The grouping is used to constrain the

integration of binaural cues for azimuth estimation.

We use existing algorithms for multipitch tracking [97] and onset/offset based

segmentation [83]. We also incorporate a pitch-based grouping method that is similar

to the approach described in [96]. In this section we provide only a brief description

of these methods and discuss their role in the proposed system. The interested reader

is referred to the cited papers for more details.

4.3.1 Multipitch Tracking

In order to group T-F units based on pitch information, we incorporate a recent

multipitch tracking system designed for reverberant and noisy speech [97]. This sys-

tem estimates up to two pitch periods per time frame using a hidden Markov model
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(HMM) tracking framework. The state space of the HMM is a collection of sub-

spaces corresponding to the cases with zero, one or two voiced sources. The one-

and two-source subspaces consist of all allowable single pitch and pitch combinations,

respectively (covering the frequency range from 80 to 500 Hz). The model is allowed

to jump between subspaces (i.e. the number of voiced sources can change), and pitch

dynamics within a subspace are modeled by pitch transition probabilities. The ob-

served data used in computation of state likelihoods is based on the correlogram [178].

The Viterbi algorithm is used to find the optimal path through the pitch subspaces,

thereby estimating both the number of voiced sources and the corresponding pitch

periods in each time frame.

We use this system to generate pitch estimates from both the left and right signals

independently. Once pitch estimates are generated, we link pitch points across time

when the change in pitch is below a predetermined threshold. We refer to a set of

linked pitch points as a pitch contour. We use a threshold of 7% relative change in

pitch frequency.

4.3.2 Pitch-based Grouping

Pitch contours are used as the basis for grouping T-F units dominated by the same

voiced source. For each individual pitch estimate, we use a supervised learning ap-

proach to identify T-F units across frequency that exhibit periodicity consistent with

that of the estimate. Since the pitch estimates have already been linked across time

intervals into pitch contours, T-F units associated with each pitch estimate are also
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grouped across time to form sets of T-F units, which we refer to as simultaneous

streams.

Specifically, we use a MLP to model the posterior probability that the dominant

source in a T-F unit is consistent with a hypothesized pitch period. The features used

as input to the MLP are extracted from the correlogram and envelope correlogram,

calculated from both the left and right signals. We use a low-pass filter with 500 Hz

cutoff frequency and a Kaiser window to extract signal envelopes. We train a separate

MLP for each frequency channel, which consists of a hidden layer with 30 nodes.

Training is accomplished using a generalized Levenberg-Marquardt backpropagation

algorithm. We train the MLPs using a set of mixtures described in Section 4.5.3. For

each training mixture we extract the correlogram and envelope correlogram features,

calculate the IBM and generate the ground truth pitch of the target signal by running

the pitch estimation method proposed in [12] on the premixed signal. The IBM is

used to provide the true classification label for each T-F unit and the ground truth

pitch points are used to select the correlogram features corresponding to the pitch

period of the target source. A more detailed description of models and training for

pitch-based grouping can be found in [96].

4.3.3 Onset/offset Based Segmentation

To capture unvoiced speech regions, the monaural pathway also incorporates the

onset/offset segmentation approach proposed in [83]. The method first identifies

onsets (increases in signal energy) and offsets (decreases in signal energy) across
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time within gammatone sub-bands. Detected onsets and offsets are linked across

frequency into onset and offset fronts based on synchrony. Onset fronts are grouped

with corresponding offset fronts based on frequency overlap. The set of T-F units

between a pair of onset and offset fronts forms a T-F segment. Segmentation is

performed with three different scales of across-time and across-frequency smoothing.

Segments generated using the different smoothing scales are then integrated into a

single set of T-F segments.

We use this segmentation system to generate T-F segments for the left and the

right mixture independently. We make three changes to the implementation relative

to that presented in [83]. First, to match the peripheral processing of the binau-

ral pathway we implement the segmentation algorithm using 64 frequency channels,

rather than 128. Second, we adjust the standard deviation of the Gaussian kernels

used for across-frequency smoothing to account for the change from 128 to 64 chan-

nels. Third, in preliminary experiments we have found that pitch-based grouping

is more reliable than the onset/offset segmentation in voiced speech regions. With

this in mind we eliminate T-F units from the segments if they are members of a

pitch-based simultaneous stream.

4.3.4 Onset-based Weights

As described in Section 3.4.3, we find it beneficial to weight the contribution of T-F

units to the localization decision so as to minimize the effect of units that are likely

dominated by noise. We therefore include the same procedure to generate onset-based
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weights, denoted wE
c,m, for each T-F unit uE

c,m. However, in Section 3.4.3 we used a

hard threshold to keep the 25% of T-F units with highest weight per simultaneous

stream. In the system presented in this chapter, we simply use half-wave rectification,

denoted [·]+, to create a set of non-negative weights,

wE
c,m =

[
eEc [m]− eEc [m− 1]

eEc [m− 1]

]+
, (4.4)

where again, eEc [m] denotes the sample of the decimated envelope signal corresponding

to uE
c,m.

4.4 Localization Framework

The binaural pathway extracts azimuth-dependent information from each T-F unit

pair while the monaural pathway groups T-F units that are likely to be dominated

by the same source. The final stage of the proposed system then integrates this

information and produces a set of K azimuth estimates. In Section 3.5, we developed

a maximum likelihood framework for joint localization and labeling of pitch-based

simultaneous streams. We take a similar approach here, but now deal with both

voiced and unvoiced speech, and also use simultaneous streams and T-F segments

generated from both the left and right mixture.

Conceptually speaking, to perform localization we first postulate a set of K pos-

sible azimuths, where we assume K is known. For each simultaneous stream or T-F
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segment we find the most likely azimuth from the postulated set and integrate likeli-

hood scores over all streams and segments. The process generates a total likelihood

for each postulated set of azimuths, and we choose the set that maximizes this value.

Formally, let IE be the total number of simultaneous streams and T-F segments

from ear signal E. Each individual simultaneous stream or T-F segment, denoted gEi ,

is a collection of T-F units. Assuming conditional independence between T-F units,

the weighted log-likelihood for gEi is then,

βE
i (θ) =

∑
c,m∈gEi

wE
c,m ln (Pc(τc,m, λc,m|θ)) . (4.5)

We search for the most likely set of K azimuths using,

Θ̂ = argmax
Θ

⎛
⎝ IL∑

i=1

βL
i (θŷLi ) +

IR∑
j=1

βR
j (θŷRj )

⎞
⎠ , (4.6)

where Θ = {θ0, θ1, ..., θN−1} denotes a set of K azimuths and,

ŷEi = argmax
y∈{0,1,...,N−1}

βE
i (θy). (4.7)

4.5 Evaluation Methodology

We conduct three experiments to evaluate the effectiveness of the proposed method

relative to existing systems. This section provides necessary details regarding the

generation of training and evaluation data, and the binaural models, comparison

systems and metrics used in the evaluation.
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4.5.1 Binaural Impulse Responses

We use two different sets of binaural impulse responses (BIRs) in this study. One

set is simulated and one set is measured in real environments. Each set assumes a

different binaural setup, and we will refer to them according to the assumed setup.

The simulated BIRs, which we refer to as the KEMAR set, are generated using

the ROOMSIM package [25]. This software combines the image method for reverber-

ation [3] with HRTF measurements [67] made using a KEMAR dummy head. BIRs

generated in this way represent a reasonable simulation of pickup by a KEMAR in

real environments while allowing control of array and source placement, as well as

characteristics of the room. We create a library of BIRs by generating 10 room con-

figurations, where room size, array position and array orientation are set at random.

We then generate BIRs for azimuths between −90◦ and 90◦, spaced by 5◦, at distances

of 1, 2, and 4 m (where available in the room configuration). Reflection coefficients of

the wall surfaces are set to be equal and to be the same across frequency, such that the

reverberation time (T60) is approximately 600 ms. These BIRs are used to generate

the evaluation mixtures used in Experiment 1-3. In order to train binaural models,

as described in Section 4.2.3, we generate anechoic BIRs for the same azimuths using

the HRTF measurements directly (i.e. no room simulation).

The other set includes publicly available measured BIRs, which are described in

[90]. Impulse responses are measured using a head and torso simulator (HATS) in five

different environments. Four environments are reverberant (rooms A, B, C and D),
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with different sizes, reflective characteristics and reverberation times. Measurements

are also made in an anechoic environment. In all cases, BIRs are measured for

azimuths between −90◦ and 90◦, spaced by 5◦, at a distance of 1.5 m. We use the

BIRs from the three most reverberant rooms (B, C and D) to generate an evaluation

database, where the T60 times are listed as 0.47, 0.68 and 0.89 s, respectively. We

use the anechoic measurements to train binaural models. We refer to this set of BIRs

as the HATS set.

4.5.2 Evaluation Data

We create two evaluation sets, one from the KEMAR BIR set and one from the

HATS BIR set. In the KEMAR evaluation set we consider 2 or 3 target talkers,

source distances of 1, 2 and 4 m, and infinite, 6 and 0 dB speech-to-noise ratios

(SNR) for a total of 18 conditions. We generate 100 binaural mixtures for each

condition. Azimuths are selected randomly such that sources are spaced by 10◦ or

more. The SNR is set by summing the energy of all speech sources relative to a

simulated diffuse noise. The energy of both left and right channels is summed prior

to SNR calculation. Speech sources are simulated by filtering monaural utterances,

drawn randomly from the TIMIT database [68], by a selected KEMAR BIR. Monaural

utterances, originally sampled at 16 kHz, are upsampled to 44.1 kHz to match the rate

of the KEMAR BIRs. The diffuse noise is created by filtering uncorrelated speech-

shaped noise signals through each of the anechoic KEMAR BIRs and then adding

them together. We create the speech-shaped filter by averaging the amplitude spectra
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of 200 speech utterances drawn from TIMIT at random. Each mixture has a length of

2 s, where monaural speech utterances are concatenated so that they are sufficiently

long (if needed). We employ an energy threshold to eliminate silence at the beginning

and end of the monaural utterances in order to ensure that speech sources are active

in the majority of time frames.

We create the HATS evaluation set in the same way. In this case we consider 2

target talkers in 3 rooms (B, C and D), and infinite, 6 and 0 dB SNRs, giving us a

total of 9 conditions. All other details are as described for the KEMAR set.

4.5.3 Training Data

To train binaural models we generate data using the anechoic KEMAR and HATS

BIRs. In each case we generate 250 speech plus noise mixtures where, as described

in Section 4.2.3, we simulate anechoic speech using a BIR for a selected azimuth and

simulate diffuse speech-shaped noise as described in Section 4.5.2. Speech utterances

are drawn randomly from TIMIT. The only factors varying between mixtures are the

speech utterances used and the input SNR, which is selected randomly to be −24,

−12, −6, −3, 0, 3, 6, 12, or 24 dB.

In order to evaluate how well the proposed scheme for training binaural models

compares to a more ideal training scenario, we also generate a training set using the

reverberant HATS BIRs. We generate 250 mixtures for each azimuth and for each of

the 3 rooms seen in the HATS evaluation set. The procedure used to generate these

training mixtures is identical to that used for the evaluation mixtures, however, each
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training mixture generated for a specific azimuth contains one speech source placed

at that azimuth.

Finally, we generate a set of 100 mixtures to train the MLPs used for pitch-based

grouping. Each mixture contains a dominant speech source corrupted by a multi-

talker babble consisting of 10, 15 or 20 interfering speech sources. Monaural speech

utterances are drawn randomly from the TIMIT database and filtered by a selected

KEMAR BIR. The azimuth of all sources is selected randomly between −90◦ and 90◦

and the SNR between the dominant talker and the multi-talker interference is set at

random between −6 and 12 dB (in 3 dB steps).

4.5.4 Binaural Models

Using the training procedure outlined in Section 4.2.3 along with the anechoic speech

plus diffuse noise data described in the previous subsection, we create KEMAR and

HATS models. In addition to using the HATS models trained from anechoic measure-

ments, we generate a set of models for the HATS evaluation set that we refer to as

matched. The matched models are created using the second set of training mixtures

described in the previous subsection. A separate model is trained for each room. In

this case, target signals are simulated by convolution with a measured, reverberant

impulse response. It is therefore necessary to approximate direct-path propagation

of the target in order to calculate the DRR. To accomplish this we identify the ap-

proximate location of the direct-path component by finding the largest peak in the
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BIR, then truncate the impulse response 10 ms after the start of the direct-path com-

ponent. For the HATS BIRs used in this study, we have found that choosing 10 ms

ensures capture of the full direct-path component, while minimizing the number of

reflections included. This parameter may vary for different measurements, but is not

necessary to train models based on measurements made in a controlled environment.

The choice of values for the DRR prior, Pc(r), will influence the shape of the

resulting likelihood distribution (see Figure 1). If Pc(r) is set empirically (i.e. by

counting the number of training data points that fall into each DRR bin), the distri-

butions will reflect the acoustic conditions seen in training. If one desires to minimize

the influence of training data, Pc(r), can be set according to some assumptions about

the acoustics that will be seen in practice. As described in Section 4.2.3, we dis-

cretize DRR into 5 bins, corresponding to values of 0.83, 0.67, 0.5, 0.33 and 0.17, or

approximately 7, 3, 0, −3 and −7 in dB. For the KEMAR and HATS models, we set

Pc(0.17) = 0.6, Pc(0.33) = 0.1, Pc(0.5) = 0.1, Pc(0.67) = 0.1, Pc(0.83) = 0.1 for all

frequencies and azimuths. We chose these values to inject limited knowledge of the

evaluation set acoustics. Specifically, this prior reflects an assumption that a given

T-F unit is more likely to be dominated by the residual signal (noise or reverbera-

tion) than the direct-path of a speech source. These specific values were chosen by

an informal analysis of a small number of mixtures that resemble those seen in the

evaluation set. Since the matched models for the HATS evaluation set are trained

using data that perfectly matches the conditions that will be seen in testing, we set

Pc(r) empirically for the matched models.
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4.5.5 Comparison Systems

In the experiments below, we compare performance of the proposed method with

two existing methods from the literature [51, 124]. The first comparison system is

SRP-PHAT, described in Section 3.6.2. The second comparison system used is the

joint localization and segregation approach presented in [124], dubbed MESSL, and

is representative of the spatial clustering approach to localization. We use an im-

plementation of MESSL provided by the algorithm’s author. The system requires

specification of the number of sources and iteratively fits GMMs of IPD and ILD to

the observed data using an EM procedure. Across frequency integration is handled by

tying GMMs in individual frequency bands to a principal ITD. Based on the model

fits, we find the most likely ITD for each source and map this to an azimuth estimate

using the the group delay of the anechoic KEMAR or HATS BIRs, depending on the

evaluation set. MESSL is initialized using the PHAT-Histogram method [1], where

we use the group delay of the anechoic KEMAR or HATS BIRs to specify the ITD

bins for the histogram. Mixture signals are first downsampled from 44.1 kHz to 16

kHz because the original TIMIT sources were sampled at 16 kHz.

We selected these methods from a set of candidates that also included the systems

proposed in [1, 112, 196]. We found that in most conditions, the performance of

MESSL and PHAT-Histogram [1] was comparable, but that MESSL outperformed

PHAT-Histogram for short integration times. We also found the stencil filter method

in [112] to perform similarly, but systematically worse than the SRP method. Finally,
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we found the clustering method proposed in [196] to perform poorly on our data set.

The system was unable to localize sources at angles more lateral than 45◦ even in

single-source anechoic conditions, due to the large number of frequencies in which

spatial aliasing was present.

4.5.6 Evaluation Metrics

In Experiments 1-3 we assume oracle knowledge of the number of speech sources.

With this knowledge we seek to estimate the azimuth angle of each source based on a

fixed amount of observed data. We evaluate the different localization systems using

two metrics. For each evaluation mixture, we consider a source to be detected if there

is an azimuth estimate within (and including) 10◦. We then measure the recall as the

percentage of detected sources. We also measure the average azimuth error of those

estimates that were within the 10◦ threshold and refer to this as the fine error. Note

that a single azimuth estimate cannot be used to detect more than one source.

4.6 Evaluation Results

In this section we present the results from four experiments. The first experiment an-

alyzes the impact of monaural cues on localization. The second experiment provides

a comparison of the proposed method to existing systems using simulated impulse re-

sponses. The third experiment tests generalization of the system to measured impulse

responses and robustness using mismatched binaural models. The fourth experiment

considers both detection and localization of speech sources.
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4.6.1 Experiment 1: Influence of Monaural Cues

In this experiment we analyze the influence of monaural cues on localization perfor-

mance. We compare performance to two binaural baselines that use the proposed

azimuth-dependent models but do not incorporate monaural cues. The first baseline,

denoted Binaural-Hist, uses the procedure proposed in [127]. This approach estimates

the dominant azimuth in each frame according to,

θ̂m = argmax
θ

∑
c

Pc(τc,m, λc,m|θ), (4.8)

then generates an across-time histogram of the frame-level azimuth estimates and

selects the K largest histogram peaks as the source azimuths. The second baseline

method, denoted Binaural-ML, is a maximum likelihood procedure similar to the

proposed method, but does not incorporate monaural grouping. In this case, azimuth

estimates are derived using Equations (3.12) and (3.13) from Section 3.6.2. The

Binaural-ML system performs segregation on the basis of binaural cues, similar to

[93,123,124,136], and derives each azimuth estimate from a subset of T-F units. Along

with the binaural baselines, we evaluate three variations of the proposed system,

where we consider only pitch-based grouping, only onset/offset segmentation, and the

full proposed system. Performance differences between the two baselines and different

variations of the proposed system are entirely due to how binaural information is

integrated across time and frequency.
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Table 4.1: Recall (%) for the KEMAR set for alternative T-F integration methods.

Two-talker Three-talker

Binaural-Hist 90.3 84.1

Binaural-ML 91.7 86.9

Binaural + Pitch-based Grouping 96.2 93.1

Binaural + Onset/offset Segmentation 95.6 92.3

Proposed 97.0 94.6

Table 4.1 shows the recall over the entire set of two- and three-talker KEMAR

mixtures. We first note that that the Binaural-ML method provides a small improve-

ment over the Binaural-Hist approach. This gain can be attributed to the fact that

evidence for multiple sources can be extracted from even a single time frame, which

is not possible with the Binaural-Hist approach. However, the rather marginal gain

suggests that while it is conceptually appealing to perform joint segregation and local-

ization, there appears to be little improvement in localization when the segregation

process is based entirely on binaural cues. In contrast, all systems that incorpo-

rate monaural grouping achieve substantial gains relative to the binaural baselines.

The best performance is achieved by the full system that incorporates both types of

monaural grouping and onset-based weights, where we see a nearly 8% absolute gain

in recall relative to the Binaural-ML approach on the three-talker mixtures.

We also note that in addition to the constraints enforced on T-F grouping, the

monaural mechanisms select a subset of the T-F units for binaural integration. On

the KEMAR data set, about 84% of T-F units are selected. The number of talkers

and the source distance appear to have a very small influence on this percentage, while
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decreasing the SNR can substantially reduce the percentage of T-F units selected. On

average, the percentage of T-F units selected decreases from roughly 91% at infinite

SNR to 79% at 0 dB SNR.

4.6.2 Experiment 2: Comparison on KEMAR Evaluation Set

In this experiment we compare localization performance of the proposed system to

the two comparison methods from the literature [51,124] on the KEMAR evaluation

set. We present the recall for various experimental conditions in Figures 4.2 and 4.3.

We show results considering integration times of 0.1, 0.5, 1 and 2 s in Figures 4.2(a)

and 4.3(a). We do so by providing each system the mixture signals from beginning

to the specified time. Results for different integration times are averaged over all

distances and SNRs. We show results as a function of source distance in Figures

4.2(b) and 4.3(b). In this case we generate results using the entire mixture (2 s) and

average results over SNRs. Similarly, we show results as a function of SNR in Figures

4.2(c) and 4.3(c) using the entire mixture and average over source distances. As one

would expect, all systems perform better as more data is used for the estimate, while

there is a systematic decrease in performance as sources become more distant or the

background noise level increases.

We can see that the proposed system outperforms the comparison methods in

terms of recall for all evaluation conditions. MESSL outperforms SRP when the

integration time is 1 s or longer. On the shortest integration time, 0.1 s, the initial-

ization of MESSL by PHAT-Histogram [1] is poor, and the algorithm is more likely to

91



0.1 0.5 1 2

60

70

80

90

100

Integration Time (s)

R
ec

al
l (

%
)

 

 

Proposed
MESSL
SRP

(a) Recall vs. Integration Time

1 2 4

70

75

80

85

90

95

100

Source Distance (m)

R
ec

al
l (

%
)

(b) Recall vs. Distance

Inf 6 0

75

80

85

90

95

100

Speech−to−Noise Ratio (dB)

R
ec

al
l (

%
)

(c) Recall vs. Noise Level

Figure 4.2: Recall (%) shown over the two-talker KEMAR set as a function of (a)
integration time, (b) distance and (c) noise level. In (b) and (c), we show
results for a 2 s integration time. The legend in (a) is applicable to all
figures shown.
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Figure 4.3: Recall (%) shown over the three-talker KEMAR set as a function of (a)
integration time, (b) distance and (c) noise level. In (b) and (c), we show
results for a 2 s integration time. The legend in (a) is applicable to all
figures shown.
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have large errors than SRP. The improvement in recall by the proposed system over

MESSL is 8.8% (absolute), calculated over the entire two- and three-talker evaluation

set. The improvement in recall relative to SRP is 11.7% over the entire evaluation set.

In Figures 4.2(b), 4.2(c), 4.3(b) and 4.3(c), we see that the improvement achieved by

the proposed system tends to be larger in the more difficult conditions with distant

sources and strong background noise. For example, on the two-talker evaluation set

with sources at 4 m and 0 dB SNR, the improvement in recall is about 23% relative

to both MESSL and SRP.

In Table 4.2 we show the recall and the fine error on the full two- and three-talker

data sets when using a 2 s integration time. As previously stated, the recall using

the proposed method is higher than for the comparison methods on both the two-

and three-talker data and we can also see that the fine error is lower. Since the

proposed system utilizes prior training, the performance increase relative to compar-

ison methods is due to both the inclusion of monaural cues and the prior knowledge

captured by the binaural model. Although there are numerous differences between

the Binaural-ML system (see Section 4.6.1) and the comparison methods, some in-

dication of the relative contribution of monaural cues and the binaural model can

be gained by noting that the Binaural-ML system achieves a 2.3% and 5.2% gain in

recall relative to MESSL and SRP, respectively, while the proposed method achieves

the 8.8% and 11.7% gains noted above.

To test the necessity of prior training with HRTFs of the binaural setup that will

be seen in testing, we also performed tests with binaural models trained on HRTFs
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Table 4.2: Recall (%) and fine error (◦) for the KEMAR set.

Recall Fine Error

Two-talker Three-talker Two-talker Three-talker

Proposed 97.0 94.6 1.0 1.3

MESSL 88.5 85.6 1.5 1.9

SRP 86.6 81.6 1.4 1.8

that simulate microphone pickup on the surface of a rigid sphere [57]. We found

degradation in terms of recall to be only 3.4% and 4.5% on the two- and three-talker

data sets, respectively. Degradation in terms of fine error was larger, from 1.0◦ with

the KEMAR models to 3.3◦ with the sphere-based models on the two-talker set, and

from 1.3◦ to 3.1◦ on the three-talker set. These results indicate that the proposed

method can still perform well even with no prior knowledge of the binaural setup to

be used in practice.

As one might expect from studies of localization acuity in human subjects [10],

the azimuth error is lower near the median plane than to the side of the head when

using the proposed method. Across the entire two-talker data set, the average error

(error over all estimates, not the fine error) for sources with azimuth between −30◦

and 30◦ is 0.6◦, whereas it increases to 4◦ for sources with azimuth more lateral than

60◦. We also note that recall is lower in test cases where sources are spaced more

closely.
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Figure 4.4: Recall (%) as a function of noise level for the HATS evaluation set with
an integration time of 2 s.

4.6.3 Experiment 3: Comparison on HATS Evaluation Set

In this experiment we compare localization performance of the proposed system to

the two comparison methods on the HATS evaluation set, which uses measured BIRs

from real room environments. We also compare the performance achieved using the

HATS models trained on anechoic measurements to the matched models trained on

the BIRs seen in testing. We assume that using the matched models will provide a

performance upper bound and are interested in the amount of degradation due to

using mismatched models. Performance using the HATS models on this evaluation

set should give the best indication of how the system would perform in a practical

setting where calibration measurements may be assumed, but extensive training in

real environments would not be available.

We present the recall as a function of SNR in Figure 4.4, where results are averaged

over all rooms and an integration time of 2 s is used. Notable is the fact that the
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Table 4.3: Recall (%) and fine error (◦) for the HATS set.

Recall Fine Error

B C D B C D

Proposed matched 98.5 97.5 97.5 0.5 0.7 0.5

Proposed HATS 97.2 97.0 95.7 1.0 0.8 1.7

MESSL 87.3 87.5 84.5 0.9 1.2 1.1

SRP 82.3 80.8 79.7 1.1 1.0 1.9

difference in recall between the matched models and the HATS models is 1.1% or less

for the infinite and 6 dB mixtures and 3.2% for the 0 dB mixtures. Consistent with

Experiment 2, the performance improvement achieved by the proposed system relative

to the comparison methods increases as the level of background noise increases.

In Table 4.3 we show the recall and the fine error for all four systems on each

room in the HATS set separately, with a 2 s integration time. We see that the

HATS models perform comparably to the matched models in terms of recall, and

the proposed system with HATS models achieves a recall about 10% higher than

MESSL and about 15% higher than SRP. However, we can see that the fine error is

consistently lower when using the matched models. The fine error is similar for all

3 realizable systems, with MESSL achieving the lowest fine error on average. The

larger fine error for the proposed system with HATS model and the SRP system on

the Room D data is due to a systematic discrepancy between the direct-path cues of

the anechoic measurements and the direct-path cues of the Room D measurements.
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4.6.4 Experiment 4: Source Detection

In Experiments 1-3 we assumed the number of source signals was known. In this

experiment, we analyze the capability of the proposed method to both detect the

number of sources and estimate each source’s azimuth. We compare performance to

the Binaural-ML and Binaural-Hist systems described in Section 4.6.1. In this case,

we evaluate the different systems using two metrics. We again measure the recall as

the percentage of detected sources (with 10◦ tolerance). If an estimate is not within

10◦ of any source, it is labeled as a false estimate. We measure the false estimate rate

by dividing the number of false estimates by the total number of estimates.

To allow the proposed and Binaural-ML systems to both detect and localize

sources, we introduce a penalty term to Equations (4.6) and (3.13) as follows. In

the proposed system, we change Equation (4.6) to,

Θ̂ = argmax
Θ

⎛
⎝ IL∑

i=1

βL
i (θŷLi ) +

IR∑
j=1

βR
j (θŷRj )−

∑
E

∑
uc,m

wE
c,mα(K)

⎞
⎠ , (4.9)

where α(K) is a scalar penalty whose values depends on K. We include the term∑
E

∑
uc,m

wE
c,m so that the same penalty can be used in spite of integration over a

different number of T-F units or total weight. Without the penalty term the system

is biased toward over-estimating the number of sources because as K is increased,

there is an increased flexibility in the assignment of simultaneous streams and T-F

segments using Equation (4.7). The penalty acts to balance over hypotheses with

different numbers of sources, similar to well-known model selection criteria such as

Akaike information criterion or minimum description length [24].
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Similarly, we change Equation (3.13) to,

Θ̂ = argmax
Θ

∑
c,m

ln
(
Pc(τc,m, λc,m|θŷc,m)

)− α(K), (4.10)

where we note that the values for the penalty used in Equations (4.9) and (4.10) are

not the same.

In [127] it was proposed to use the Binuaral-Hist approach for detecting the num-

ber of sources. In this case, a threshold is included such that rather than choosing

the K most prominent peaks, any peak above threshold is assumed to be due to a

true source.

In Figure 4.5 we show recall vs. false estimate rate on the entire one-, two-, and

three-talker KEMAR data set. Curves are generated for each method by systemat-

ically varying parameters that control detection sensitivity. For the proposed and

Binaural-ML system, we consider a range of positive values for each of α(1), α(2),

and α(3). For the Binaural-Hist system, azimuth histograms are normalized and the

largest peaks above a detection threshold are used as source estimates. We vary the

detection threshold between 0 and 1, and do not allow the system to generate more

than 3 azimuth estimates (in keeping with the proposed an Binaural-ML implemen-

tations). As a point of reference, we also include the recall and false estimate rates

for each system assuming a known number of sources.

We first note that the proposed method achieves a higher recall for a given false

estimate rate relative to both the Binaural-ML and Binaural-Hist methods. When

the number of sources is known, the recall and false estimate rate are roughly 95% and
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Figure 4.5: Recall vs. false estimate rate for three comparison methods with unknown
number of sources. Recall and false estimate rate for the case with known
number of sources are shown with filled symbols.

5%, respectively for the proposed system. While maintaining a 5% false estimate rate,

recall drops to about 89% for the case when sources must be detected. This recall

percentage exceeds that of Binaural-ML and Binaural-Hist even when the number of

sources are provided. When sources must be detected by the comparison systems,

gross accuracies for a 5% false estimate rate are roughly 82% and 65% for the Binaural-

ML and Binaural-Hist methods, respectively. It is also interesting to note that while

the maximum recall for the Binaural-ML and Binaural-Hist methods are similar, the

Binaural-ML approach achieves a much higher recall for low false estimate rates,

suggesting that sources are more easily detected using this approach.
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4.7 Discussion

The results in Section 4.6 demonstrate the effectiveness of the proposed localization

system. By integrating monaural CASA methods with an azimuth-dependent model

of ITD and ILD, we are able to accurately localize multiple sources in adverse con-

ditions. The method yields a significant improvement over baseline methods that

do not incorporate monaural grouping. The results from Experiment 1 support the

perspective that monaural segregation can facilitate localization. The results from

Experiment 2 show that localization improvement is largest in adverse conditions

and for distant sources and the results from Experiment 3 establish the robustness of

the proposed method when using impulse responses measured in real room environ-

ments. Experiment 4 shows that the proposed method is also capable of detecting

the number of sources by adding a penalty term to the maximum likelihood azimuth

estimation.

We have also proposed a flexible binaural model that can be easily adapted to

different binaural setups and acoustic conditions. Results from Experiments 2 and 3

indicate that robust performance can be achieved with only anechoic measurements

of the binaural setup, and thus the simulations used to train the models proposed

in [127, 190] may be unnecessary. Although only briefly discussed here, preliminary

results for generalization to unseen binaural setups are promising.

Since we generate pitch-based simultaneous streams and onset/offset based seg-

ments from both the left and right signals, some of the resulting sets of T-F units will
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overlap in time and frequency, thus the independence assumption made in order to de-

rive Equations (4.6) and (4.7) is clearly violated. Considering dependencies between

simultaneous streams and T-F segments will increase computational complexity of

the system; however, it is possible that doing so could improve performance.

An important extension of the proposed framework is to the case with a time-

varying number of sources. The results presented in this chapter suggest that incor-

porating monaural cues improves assignment of T-F units to source signals, and as

such, monaural cues could potentially benefit detection and tracking. We address

this topic in Chapter 6.
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CHAPTER 5

DEFINING THE IDEAL BINARY MASK IN

REVERBERATION

In this chapter we consider how best to define the ideal binary mask in reverber-

ant settings to maximize speech intelligibility. We parameterize the IBM using a

boundary point between early and late reflections and conduct four experiments to

compare the intelligibility of reverberant and noisy speech processed with alterna-

tive IBM definitions. The results presented in Experiments 1 and 2 were previously

published in [150].

5.1 Introduction

Being that one of the main goals of this work is the development of a binaural seg-

regation system, it is important to define a concrete computational objective so that

performance can be appropriately measured and comparisons between systems can

be made. Several different objectives and corresponding metrics have been used in

the development of speech enhancement, BSS and CASA-based segregation systems.
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For both single-channel and multichannel speech enhancement, researchers have of-

ten sought to design optimal estimators based on assumed statistical distributions

for speech and noise [18,61,62,79,117,125,165]. Most often, the optimization criteria

is MSE. While the theoretical guarantees of MSE optimality are appealing, strong

assumptions regarding the distribution of both speech and noise are necessary and

methods must be developed to estimate important model parameters. To measure

the performance achieved in practice, researchers often utilize metrics such as the

gain in SNR, speech distortion, noise attenuation or variants designed to better re-

flect human speech intelligibility [71]. This requires a target signal to be defined such

that direct comparison between the estimated and desired target signal can be made.

The goal of BSS methods is to separate each of a known number of signals from a

mixture. In this case, a set of target signals must be defined and again, measures

such as SNR or measures proposed specifically for source separation [172,173] can be

used.

Research in CASA has progressed with a number of objectives in mind [176,178].

Systems have been developed to perform source segregation, speech recognition and

model behavioral data. As such, the computational goal of CASA systems is not

obvious. In [176], the IBM is proposed as a main computational goal of research in

CASA. Wang argues that the while the BSS of goal of separating each signal may

be the “gold standard”, it is likely unrealistic from an engineering perspective and is

not consistent with auditory perception. Rather than separate each signal, the IBM

performs a figure-ground segregation based on a predefined target signal. Specifically,
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given both a mixture and target signal, the IBM retains T-F units of the mixture

in which the local SNR exceeds a predetermined threshold and attenuates those T-F

units in which the SNR falls below threshold. The formulation of the IBM as the

computational goal of CASA is motivated by principles of machine perception, ASA

and auditory masking. The psychoacoustics literature shows that an acoustic masker

can render a target stimulus inaudible within a critical band [128]. The local SNR

threshold in the IBM definition, dubbed the local criterion (LC), then serves to label

T-F units as either masked or unmasked, where the mixture components contained

in masked T-F units are attenuated under the assumption that they are detrimental

to the perception of the target signal.

Several studies have now firmly established the potential of binary T-F masking to

improve intelligibility of target speech corrupted by additive noise [4,20,21,104,108,

179]. The study of Wang et al. [179] reports 7.4 dB and 10.5 dB decreases in speech

reception threshold (SRT) for normal hearing listeners with speech corrupted by

speech shaped noise (SSN) and cafeteria noise, respectively, where SRT corresponds

to the SNR at which 50% word recognition is achieved. For hearing-impaired listeners,

reductions in SRT of 9.2 dB and 15.6 dB are reported for the SSN and cafeteria noise

conditions, respectively. Large gains in intelligibility have also been observed using

different corpora and recognition tasks [4,20], different noise conditions [4,20,21,108],

and alternative IBM definitions [4, 104].

While the IBM is defined unambiguously using the LC parameter in anechoic

conditions, in reverberant environments there is some flexibility in how one might
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define the target signal itself and therefore, ambiguity is introduced to the notion

of the IBM. CASA systems have generally treated reverberation due to the target

source as part of the target signal [98, 142, 147]. In contrast, some researchers treat

only the direct sound (anechoic) component of the target source as the target signal

[124, 137]. However, it is known that early reflections are integrated by the auditory

system and thus contribute to speech perception [13, 114, 175], while late reflections

are detrimental and act as masking noise. In cases where the direct-path energy is

low relative to reflected energy, early reflections can provide a substantial benefit

due to an increase in the effective SNR of the target source [13]. Given the division

between early and late reflections in terms of perceptual significance, one can create

a third IBM definition by treating early reflections of the target source as a part

of the target signal, while treating late reflections as part of the noise component.

While the division between early and late reflections is assumed to be somewhere

between about 50 and 80 ms [80], the exact boundary depends on the signal and

environment. We therefore propose to introduce a second parameter to the IBM

definition, the reflection boundary. The existing IBM definitions that treat either the

direct-path target component or the fully reverberant target as the desired signal are

then captured by setting the reflection boundary to the two extremes of 0 ms and the

length of the reverberant impulse response, respectively.

In this chapter we describe a set of subjective experiments to analyze the effects

of IBM processing on speech corrupted by both noise and reverberation. The follow-

ing section provides a precise working definition of the IBM parameterized by both
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the reflection boundary and LC threshold. In Sections 5.3 and 5.4 we describe two

experiments to measure the SRT of IBM-processed reverberant and noisy speech,

where we use a fixed LC and consider three alternative IBM definitions. In Section

5.6 we describe a third experiment to analyze the effects of changing both the re-

flection boundary and LC parameters. In Section 5.7 we describe a final experiment

to measure intelligibility of IBM-processed reverberant speech without background

noise. We consider various reflection boundary values near the range suggested by

the psychoacoustics literature. We conclude the chapter with a discussion of the ex-

perimental results and how they influence the computational goal of our final system

described in Chapter 6

5.2 IBM Definition

We now formalize the concepts described above and specify the processing details

used to compute IBMs. We first define the mixture signal as,

u[n] = h[n] ∗ s[n] + ε[n] (5.1)

where s[n] denotes the (anechoic) target signal, h[n] denotes the room impulse re-

sponse between the source location and microphone and ε[n] denotes any additional

additive noise. We define the desired signal as,

xb[n] = hb[n] ∗ s[n] (5.2)

where hb[n] denotes the part of h[n] up to reflection boundary b. We use the term

desired signal rather than target signal to make clear that both the anechoic target
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signal and some room reflections may be considered beneficial to the listener, and

thus desirable. The residual signal is then,

vb[n] = u[n]− xb[n]. (5.3)

In this set of experiments the mixture is analyzed using a bank of 64 gammatone

filters [141] with center frequencies from 50 to 8000 Hz spaced on the equivalent

rectangular bandwidth scale. Each bandpass filtered signal is divided into 20 ms

time frames with a frame shift of 10 ms to create a cochleagram [178] of T-F units.

We letXb(c,m) and Vb(c,m) denote the energy due to the desired and residual signals,

respectively, in T-F unit uc,m. The IBM can then be defined as,

IBMb(c,m) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

1, if 10 log10

(
Xb(c,m)

Vb(c,m)

)
> LC

0, otherwise

(5.4)

where LC is the local SNR threshold expressed in dB.

5.3 Experiment 1: The Effect of IBM Processing on Rever-

berant Speech Mixed with Speech-shaped Noise

In Section 5.1 we discussed that existing work in CASA and BSS has treated either the

reverberant target as the desired signal [98,142,147] or the direct sound of the target

as the desired signal [124, 137] to define the IBM. We refer to these masks as IBM-

R and IBM-DS, respectively. The psychoacoustics literature motivates a third IBM

definition, IBM-ER, that includes early reflections of the target source as part of the

desired signal, but treats late arriving reflections as interference. In this experiment
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we measure SRTs for IBM-processed reverberant and noisy speech with these three

alternative definitions. For the IBM-ER mask, we use a reflection boundary of 50

ms [13]. The IBM-DS and IBM-R definitions correspond to reflection boundaries of

0 and ∞, respectively.

In this experiment we measure sentence-level SRTs with a male speaker corrupted

by both reverberation and speech-shaped noise (SSN). We consider three different T60

times: 0, 0.4 and 0.8 s. With 0 s T60, there is no difference between mask definitions,

thus we test only an IBM-processed and unprocessed condition. With 0.4 and 0.8

s T60, we measure SRTs for each IBM definition and an unprocessed condition. In

total, we calculate SRTs for ten different conditions.

5.3.1 Method

Materials

The target speech signals used in this experiment all contain the same male speaker

reading individual sentences from the HINT corpus [132]. The HINT corpus con-

tains 25 lists of 10 sentences that are phonetically balanced and equated for natural-

ness, difficulty, length, and reliability. Sentences within each list follow a predictable

subject-verb-object syntactic structure, and range in length between four and seven

words. Monaural signals were recorded in a controlled environment and digitized at

22.05 kHz with 16-bit quantization. The SSN signal used as interference in this ex-

periment was generated by filtering white noise with the long-term average spectrum

of the male talker used as target speech.
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Impulse responses to simulate room reverberation were generated using the image

method [3] with the ROOMSIM package [25]. The parameters of the simulation

were as follows. The room size was set to 15 m × 13 m × 3.3 m. The sound

source and microphone positions were set to [9.5 m, 11 m, 1.2 m] and [9.5 m, 7 m,

1.2 m], respectively. As such, the sound source was positioned directly in front of

the microphone (0◦ azimuth and 0◦ elevation) at a distance of 4 m. The reflective

characteristics of the room surfaces were set to be frequency-independent and to be

the same at each surface so that a single parameter controlled the T60 time. Impulse

responses were generated with this configuration for T60 equal to 0, 0.4 and 0.8 s. Note

that monaural impulse responses were generated assuming a single, omni-directional

microphone.

Stimuli

In order to generate test stimuli, a specified target speech utterance was convolved

with a room impulse response for a given T60 time. The root-mean-square (RMS)

level of the reverberant target speech was normalized to match the RMS level of a

64 db SPL white noise signal. An interference signal was then created by convolving

the SSN signal with the same impulse response used for the target speech utterance.

The level of the reverberant interference signal was adjusted to achieve a specified

SNR relative to the reverberant target.

Desired and residual signals were then generated as in Equations (5.2) and (5.3).

For the IBM-DS definition, the desired signal was generated by convolving the target
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speech signal with the first impulse of the selected impulse response, which cor-

responds to the direct sound. For the IBM-ER definition, the desired signal was

generated by convolving the target speech signal with the first 50 ms (relative to the

direct sound component) of the selected impulse response. For the IBM-R definition,

the desired signal corresponds to the reverberant target speech utterance. Given a

mixture and specified desired signal, the residual signal was generated by subtracting

the desired signal from the mixture.

The cochleagram representation of both desired and residual signals were then

generated (see Section 5.2) and the energy of both desired and residual signals in

each T-F unit was calculated and used in Equation (5.4) to generate an IBM. The

LC parameter was fixed at −6 dB, as suggested in [20, 179]. Masks were then ap-

plied to the mixture cochleagram in a synthesis stage to generate time-domain test

stimuli [178]. Note that test stimuli for the unprocessed conditions were generated

by applying an “all-one” mask to mixture cochleagrams in the synthesis stage.

Procedure

An operator controlled the experiment using a PC running Matlab software. Subject

and operator were seated inside of a sound attenuating booth. Stimuli were presented

diotically with Sennheiser HD 280 Pro headphones. Subjects were given sufficient

time to repeat or guess the sentence content and the operator recorded whether or

not the sentence was correct. A sentence was considered correct if all the keywords

were correct. The only substitutions allowed were: a/the, an/the, is/was, are/were,
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has/had and have/had. Each trial lasted approximately an hour and consisted of a

training phase followed by SRT testing in each of the ten conditions outlined above.

The training phase was performed with two lists (twenty sentences) of unprocessed

HINT sentences (i.e. no reverberation, noise or IBM processing) to familiarize listen-

ers with the test procedure and to ensure audibility of the target speech. All listeners

obtained 100% recognition in this phase.

A one-up one-down adaptive procedure was used to measure SRTs at 50% sentence-

level accuracy. Twenty-five sentences were used for each test condition. The first five

were randomly selected from three held-out HINT lists and used to converge on an

initial SRT, while the final twenty sentences (two HINT lists) were unique to each

condition and used to calculate the final SRT. The first sentence was presented at

a fixed initial SNR (determined in a pilot study) and repeated while increasing the

SNR by 2 dB with each presentation until at least half of the words in the sentence

were recognized. After the first sentence, the SNR was decreased by 2 dB when the

subject repeated the previous sentence correctly, and increased by 2 dB otherwise.

A Latin square design was used to generate the sequence of test conditions for each

subject and specify the unique HINT lists to be used for each condition.

Subjects

Twelve normal hearing, native speakers of American English participated in the ex-

periment with ages varying between 18 and 27 with an average of 22. The subjects
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were paid for their participation. Although their audiograms were not evaluated, the

subjects reported that they were unaware of any hearing problems.

5.3.2 Results

Figure 5.1(a) shows the average SRT values (in dB) for each of the ten test condi-

tions. Results are grouped by T60 time and gray-scale values correspond to different

processing methods. In the anechoic condition (T60 = 0), we label the IBM-processed

result with IBM-DS. Again, in this case no reflected energy is included in the mixture

so the desired signal for all three IBM definitions corresponds to only the direct sound

component of the target signal.

We first note that the mean SRTs obtained for the 0 s T60 condition are in good

agreement with the existing literature. The SRT for the unprocessed mixtures is

−3.41 dB, which is slightly lower than the value of −2.92 dB reported in [132]. The

mean SRT for the IBM-processed mixtures is −10.75 dB, meaning that the benefit

of the IBM is 7.3 dB. Wang et al. reported a benefit of 7.4 dB in a similar condition,

although a different speech database and recognition task were used.

For the 0.4 s T60 condition, we see that each IBM definition is able to lower the

SRT relative to the value of −2 dB obtained with unprocessed mixtures. The IBM-

ER mask yields the largest benefit of 7.9 dB, whereas the benefit of the IBM-DS and

IBM-R masks is 4.5 dB and 5.6 dB, respectively. However, in the 0.8 s T60 condition,

only IBM-ER achieves an improvement relative to the unprocessed case. The average
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SRT obtained with IBM-ER is −9.1 dB as compared to −1.1 dB for the unprocessed

mixtures.

A two-way analysis of variance (ANOVA) with repeated measures was performed

on the measured SRTs. The ANOVA revealed a significant effect due to processing

type [F (3, 33) = 145.15, p < 0.001], T60 time [F (2, 22) = 108.12, p < 0.001] and

interaction between the two [F (6, 66) = 37.06, p < 0.001]. Paired t-tests with a

Bonferroni post-hoc correction showed a significant difference between unprocessed

and IBM-processed conditions for each T60 time. For T60 equal to 0.4 s and 0.8 s,

IBM-ER significantly lowered SRTs as compared to unprocessed mixtures and the

IBM-DS and IBM-R definitions.

We also note the slight increase in SRT as the reverberation time is increased for

both the unprocessed mixtures and the best performing IBM definition. There is an

intuitive explanation for this trend. As noted above in Section 5.3.1, the input SNR

for each mixture reflects the energy of the fully reverberant target relative to the SSN

interference. Consistent with the motivation behind the IBM-ER definition, some

of the energy contained in the reverberant target signal is detrimental to perception

of the target signal. Thus, for a fixed input SNR, as the level of reverberation is

increased, the target signal becomes more difficult to recognize and correspondingly,

SRTs increase slightly.
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Figure 5.1: Average SRTs measured for ten test conditions with SSN interference (a)
and a female talker interference (b). In both (a) and (b), data is grouped
according to T60 time. Gray-scale values indicate the processing method
used. Black corresponds to the unprocessed condition (’Unp’), dark gray
to IBM-DS, light gray to IBM-ER and white to IBM-R. A lower SRT
corresponds to better performance. Error bars indicate 95% confidence
intervals around the mean values.
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5.4 Experiment 2: The Effect of IBM Processing on Rever-

berant Speech Mixed with a Competing Talker

In this experiment we measure sentence-level SRTs with a male speaker corrupted by

both reverberation and reverberant female talker. As in Experiment 1, we consider

three alternative IBM definitions and three reverberation times for the same ten test

conditions.

5.4.1 Method

The procedures used in this experiment are nearly identical to those used in Ex-

periment 1. The same set of HINT utterances recorded with a male speaker were

used as the target signals. In this case, however, female speech signals were used

as interference. The female speech signals were recorded monaurally in a controlled

environment and digitized at 22.05 kHz with 16-bit quantization. A set of 40 sen-

tences from the Harvard Sentence List [92] was used. The interference utterance was

selected randomly for each test stimulus.

Mixture signals were generated by passing both target and interference speech

signals through a selected impulse response and summing the resulting reverberant

signals, as described in Section 5.3.1. Again, the target speech level was controlled

to match the RMS level of a 64 dB SPL white noise signal, and the reverberant

interference was scaled to achieve the specified input SNR. Desired signals, residual

signals, IBMs and test stimuli were generated as described in Section 5.3.1.
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The procedure used for measuring SRT is identical to that described in Section

5.3.1 with one exception. The fixed initial SNR for the first presentation of the

first sentence was lowered relative to the one used in Experiment 1 based on a pilot

experiment.

Twelve normal hearing, native speakers of American English that did not partic-

ipate in Experiment 1 participated in this experiment. Their ages varied between 19

and 23 with an average of 21. As before, the subjects were paid for their participa-

tion and they reported no problems with their hearing. Again, all the participants

obtained 100% recognition during the training phase.

5.4.2 Results

Figure 5.1(b) shows the average SRT values (in dB) for each of the ten test conditions.

Results are grouped by T60 time and gray-scale values correspond to different pro-

cessing methods. As described above for Figure 5.1(a), we label the IBM-processed

result with IBM-DS for the anechoic condition.

We first note the large increase in SRT for the unprocessed mixtures as T60 is

increased. Whereas in Experiment 1 with the SSN masker we saw a slight increase

due to the effect of reverberation on the target signal, the increase in SRT for the

unprocessed mixtures is 15.5 dB from the anechoic to the most reverberant condition.

This large change is due the fact that late reverberation of both talkers creates a

SSN-like background that reduces the “glimpsing” opportunities for perception of

the target talker.
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A two-way ANOVA with repeated measures was performed on the measured SRTs.

As in Experiment 1, the ANOVA revealed a significant effect due to processing type

[F (3, 33) = 85.2, p < 0.001], T60 time [F (2, 22) = 798.6, p < 0.001] and interaction

between the two [F (6, 66) = 21.52, p < 0.001]. Paired t-tests with a Bonferroni

post-hoc correction again showed a significant difference between unprocessed and

IBM-processed conditions for each T60 time. For 0.4 s T60, the difference between

IBM-DS and IBM-ER was not significant (p = 0.014), while the IBM-ER definition

achieved significantly lower SRTs than unprocessed, IBM-DS and IBM-R for T60

equal to 0.8 s.

5.5 Discussion of Experiments 1 and 2

The results from Experiments 1 and 2 are consistent in that IBM-ER achieved the

lowest SRTs for both T60 times and interference types. The large decrease in SRT

suggest that the IBM-ER definition effectively characterizes signal energy as either

beneficial or harmful to speech intelligibility. While the IBM-DS and IBM-R defini-

tions improved intelligibility for the 0.4 s condition, this benefit was either eliminated

or substantially reduced for both definitions in the longer T60 time of 0.8 s. The

degradation of the IBM-DS mask can be understood by recognizing that early re-

flections are treated as undesirable, or harmful to intelligibility. As a result, early

reflections decrease the effective SNR of the desired signal in the IBM-DS definition

and T-F units that contain beneficial speech information may be attenuated. Simply

put, the IBM-DS masks become too sparse in the 0.8 s condition. On the other hand,
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the IBM-R definition treats late reflections as desirable. In this case T-F units that

do not contain beneficial speech information may be selected, resulting in perceptual

artifacts (i.e. musical noise) during the reverberation tail of the target signal and less

effective suppression of noise energy.

While we expect the observations from Experiments 1 and 2 to generalize well to

other acoustic conditions, the magnitude of those effects may vary. Essentially, while

we expect to observe that IBM-ER outperforms IBM-DS and IBM-R in all conditions,

the direct-to-reverberant energy ratio and the T60 time will influence the degree of

dissimilarity between these masks.

In these first two experiments, we considered only a single reflection boundary

value of 50 ms between the two extremes of 0 ms and infinite. While this value is

motivated from existing literature [13], it may not be optimal for ideal binary masking.

We explore the effect of changes to the reflection boundary more thoroughly in our

fourth experiment discussed in Section 5.7.

5.6 Experiment 3: Interaction Between Reflection Boundary

and SNR Threshold

In Experiment 1 we measured SRTs for IBM-processed reverberant speech mixed with

a SSN masker. Results showed that the IBM-ER definition achieved the lowest SRT

in both reverberant conditions and that both the IBM-DS and IBM-R definitions

failed to achieve an appreciable benefit in the 0.8 s T60 condition. As discussed

119



above in Section 5.5, degradation of the IBM-DS performance is due to a decrease

in effective SNR caused by treating reflections as part of the residual signal. With

a fixed LC of −6 dB, as used in Experiment 1, the resulting IBM-DS masks are

too sparse and therefore attenuate too much target speech energy. For the IBM-R

definition, the relatively larger effective SNR results in masks that do not effectively

attenuate detrimental energy when using the −6 dB LC.

While the choice of −6 dB LC is supported by the studies of [20,179], it is possible

that this LC favored the IBM-ER definition. To explore the interaction between mask

definition and local SNR threshold, in this experiment we measure intelligibility of

IBM-processed reverberant and noisy speech for the same IBM definitions over a

range of SNR threshold values. To do so, we fix the input SNR and reverberation

time across all test stimuli and measure the percent of correctly recognized sentences

for each processing condition. We set T60 to be 0.8 s, as this time produced the

largest differences between mask definitions in Experiment 1. We set the input SNR

to be −1 dB to match the SRT for the unprocessed condition at this T60 time. Thus,

we expect sentence recognition to be near 50% for the unprocessed condition in this

experiment, while improvements due to IBM processing should increase recognition

scores.

To ensure that an appropriate range of local SNR thresholds are considered for

each mask definition, we employ the concept of the relative criterion (RC) in this

experiment [104]. The RC is equal to the LC minus the input SNR of the mixture,

and was motivated by the observation that co-varing the input SNR and LC does
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not change the resultant IBM (assuming a linear filterbank) [20, 104]. As such, for a

fixed RC, changes to the input SNR will have no effect on the IBM generated. In the

current experiment we do not explicitly change the input SNR (i.e. the level of SSN

is fixed), however increasing the reflection boundary will systematically increase the

effective SNR due to shifting some reflections of h[n] from being included in vb[n] to

being included in xb[n]. In this case, fixing the RC across different mask definitions

does not ensure precisely the same IBM, but ensures that the mask density (balance

between 1s and 0s) will be similar across IBM definitions.

We evaluate intelligibility with the IBM-DS, IBM-ER and IBM-R definitions for

seven different RC values: −30 dB, −15 dB, −9 dB, −6 dB, −3 dB, 0 dB and 6 dB.

Based on the study of [104], we expect the best performance for each mask definition

to occur in the RC range between −12 and 0 dB, so we have focused on this range.

This gives twenty-one IBM-processed conditions to which we add two unprocessed

conditions. First, intelligibility of unprocessed mixtures is measured, where as noted

above, we expect to see roughly 50% recognition. Second, intelligibility of unprocessed

reverberant target speech is measured. In this case no SSN is added and we can

directly assess the impact of reverberation on target speech intelligibility. In total we

evaluate twenty-three test conditions.

5.6.1 Method

The materials used and generation of mixture signals is identical to that of Experiment

1. In this case however, we consider only T60 equal to 0.8 s and fix the input SNR
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at −1 dB. The process used to generate IBMs differed from Experiment 1 due to the

use of the RC rather than a fixed LC. Specifically, for a given mask definition, desired

and residual signals were created as described in Section 5.3.1. Given a desired and

residual signal, the effective SNR was measured as,

SNRb = 10 log10

(∑
n xb[n]

2∑
n vb[n]

2

)
. (5.5)

For a specified RC, the LC used in Equation (5.4) to generate the IBM was then set

as LC = RC + SNRb. Note that while there was some consistency in the effective

SNR across mixtures for a given IBM definition, the effective SNR and, therefore,

the LC was mixture dependent. As in Experiment 1, the cochleagram representation

was used to generate IBMs and masks were applied to mixture cochleagrams in a

synthesis stage to generate a time-domain stimuli. Again, stimuli for unprocessed

conditions were generated by applying an “all-one” mask to mixture or reverberant

target cochleagrams.

The physical setup of the experiment was identical to Experiment 1. In this

case however, each trial consisted of a short training phase followed by testing in

the twenty-three test conditions described above. Each trial lasted about an hour

and subjects were told that breaks were available as needed. A single list of HINT

sentences was used for the training phase for all subjects to ensure audibility of

target speech and familiarize subjects with the procedure. Unprocessed clean HINT

utterances were used and all listeners obtained 100% recognition in the training phase.

A single list of HINT sentences was then used to obtain a recognition score for each
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of the twenty-three test conditions. The sequence of test conditions for each subject

and the unique HINT list used for each condition were randomized.

Seven normal hearing, native speakers of American English that did not partici-

pate in Experiment 1 or 2 participated in this experiment. Their ages varied between

21 and 33 with an average of 24. As before, the subjects were paid for their partici-

pation and they reported no problems with their hearing.

5.6.2 Results

Figure 5.2(a) shows the average percentage of correctly identified sentences for the

two unprocessed and twenty-one IBM-processed conditions. Unprocessed conditions

are shown on the left with a square (unprocessed mixtures, “Unp”) and circle (un-

processed reverberant target, “UnpR”) marker. Processed conditions are shown as

bars grouped by RC with the three alternative mask definitions indicated by different

gray-scale values. Standard deviations are shown with error bars.

We first note that average recognition for the unprocessed mixtures is 42.9%,

which is slightly lower than the expected 50% predicted by Experiment 1, although

50% is well within a single standard deviation around the measured average. Subjects

achieved an average accuracy of 91.4% on the unprocessed reverberant target speech.

As all subjects achieved 100% during the training phase, this reveals some degradation

of intelligibility due to reverberation alone and is in agreement with the [129], which

reports 92.5% accuracy for a similar condition.

A two-way ANOVA with repeated measures was performed on the rationalized

123



arcsine transform of recognition percentages from all IBM-processed conditions. This

revealed a significant effect due to RC [F (6, 36) = 72.0, p < 0.001], reflection bound-

ary [F (2, 12) = 106.47, p < 0.001] and interaction between the two [F (12, 72) =

6.29, p < 0.001].

Paired t-tests with a Bonferroni post-hoc correction showed that both IBM-DS and

IBM-ER significantly improve recognition as compared to the unprocessed mixtures

for RC values between −15 dB and 0 dB. The peak scores for both mask definitions

exceed 95% recognition. The average effective SNR for the IBM-DS definition over

the entire corpus of 250 target sentences is −12.2 dB. As the range of effective RC

values is between −15 dB and 0 dB, the range of effective LC values for this mixture

condition is then between about −27 dB and −12 dB, substantially lower than the −6

dB LC used in Experiment 1. The average effective SNR for the IBM-ER definition

is −5.5 dB. This suggests that the optimal LC range for this mixture condition is

between about −20 dB and −5 dB, which contains the −6 dB LC used in Experiment

1.

These results indicate that the IBM-DS mask can be effective provided that the

impact of reverberation on the effective SNR is accounted for. The similar perfor-

mance between the IBM-DS and IBM-ER definitions in this experiment suggests

that one can account for the impact of early reverberation by either lowering the LC

used with the IBM-DS definition, or increasing the reflection boundary value with

the IBM-ER definition. Consistent with the results from Experiment 1 and 2, this
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experiment shows that it is vital that the impact of early reverberation is accounted

for to increase intelligibility.

Paired t-tests with the Bonferroni correction showed that the IBM-R definition

achieved a significant improvement relative to unprocessed mixtures for RC = −9

dB. As the effective SNR for this definition is equal to the −1 dB input SNR, the

LC in this case is −10 dB, fairly close to the −6 dB threshold used in Experiment 1.

While the average recognition in this case is 64.3%, 21.4% higher than for unprocessed

mixtures, this was significantly lower than recognition using IBM-DS, IBM-ER and

recognition of the unprocessed reverberant target speech. This shows that the poor

performance in Experiment 1 with the IBM-R definition was not a result of the −6

dB LC used. Since intelligibility of the unprocessed reverberant target signals is

significantly higher than the intelligibility with the IBM-R definition, performance

cannot be explained by retention of reverberant target energy alone.

We illustrate results as a function of LC in Figure 5.2(b), where for each mask

definition, we shift the performance as a function of RC by the average effective SNR

for the definition.

5.7 Experiment 4: The Effect of IBM Processing on Rever-

berant Speech

Experiment 3 revealed that increases in intelligibility are possible with both the IBM-

DS and IBM-ER definitions provided that an appropriate SNR threshold is used, but
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Figure 5.2: Average percentage of correctly recognized sentences for the two unpro-
cessed conditions and twenty-one IBM-processed conditions tested in Ex-
periment 3. Recognition shown as a function of RC (a) and LC (b). Error
bars in (a) indicate standard deviation.
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that the IBM-R definition was not able to improve speech intelligibility regardless

of the SNR threshold. This suggests that a reflection boundary of 50 ms effectively

characterizes mixture energy as either beneficial or detrimental to speech perception,

but that including all reflections in the desired signal does not. In this experiment we

analyze the effect of four reflection boundary settings to better understand the point

in time for which the reflection boundary value no longer creates IBMs that benefit

intelligibility. We focus on the case with reverberation only (i.e. no additive noise)

to highlight differences due to the reflection boundary. We consider long T60 times

so that intelligibility of the unprocessed speech is expected to be degraded relative to

anechoic speech. In keeping with Experiment 3, we test intelligibility as a function

of local SNR threshold using RC.

Intelligibility results were measured for three T60 times: 2 s, 3 s and 30 s. The

condition with T60 = 2 s corresponds to the speech reception reverberation threshold

(SRRT) at 50% accuracy [69]. The condition with T60 = 3 s was chosen to exaggerate

the effect of both IBM processing and the effect of reflection boundary values. In the

T60 = 30 s condition, the unprocessed signal becomes essentially speech shaped noise.

This condition was chosen to validate the IBM-processed noise condition presented

in [179].

For each T60 time tested, we considered four reflection boundaries: 5 ms, 50 ms,

100 ms and 200 ms. For the 5 ms and 50 ms reflection boundaries we tested RC

values of −30 dB, −15 dB, −9 dB, −6 dB, −3 dB, 0 dB and 6 dB. A subset of these

values were tested for the 100 ms and 200 ms conditions due to a limitation in the
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number of unique HINT lists. For each reverberation time, an unprocessed condition

was also tested giving us a total of twenty-four conditions for each T60 time.

5.7.1 Method

The experimental method used was similar to the one described in Section 5.6.1. As

in Experiments 1-3, the same set of HINT utterances recorded with a male speaker

were used as the target signals. In this experiment, no additive interference was

incorporated. The main difference from the previous experiments was the use of ex-

ponentially decaying impulse responses generated as described in [69]. While impulse

responses generated in this manner are admittedly a crude approximation of room

reverberation, we felt it was important to follow existing literature on speech percep-

tion in reverberation [69] and more complex simulations such as the image method

require setting many additional parameters such as source and microphone positions,

room geometry and the reflective characteristics of wall surfaces.

Specifically, we let h[n] = ε[n]e−6.91n/T60 , where ε[n] is a white noise signal and the

time constant for the envelope decay is equal to T60/6.91 [106]. Impulse responses

were truncated to have length equal to T60. Impulse responses were generated with a

sampling frequency of 22.05 kHz to match the sampling frequency of the target speech

corpus. To generate mixture signals, multiple copies of the target speech signal were

concatenated before convolving with the impulse response and the last copy was used

as the reverberant speech signal. This ensured that the impact of reverberation was

present throughout the duration of the target speech signal. As in Experiments 1-3,
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the RMS level for the reverberant speech was fixed across all stimuli and set to match

the RMS level of a 64 dB white noise signal.

The desired and residual signals used to generate IBMs were created as described

for the IBM-ER definition in Section 5.3.1. IBMs were created given a specified

RC value as described in Section 5.6.1. Again, the cochleagram representation was

used to generate IBMs, masks were applied to mixture cochleagrams in a synthesis

stage to generate time-domain stimuli and stimuli for the unprocessed condition were

generated by applying “all-one” masks to the mixture cochleagrams.

The procedure used to measure intelligibility was identical to Experiment 3 (see

Section 5.6.1), where each trial followed training on one list of clean HINT sentences

with testing on each of the twenty-four experimental conditions, with one unique

HINT list for each condition. Again, all listeners obtained 100% recognition in the

training phase, and the sequence of test conditions for each subject and the unique

HINT list used for each condition were randomized.

Twenty-one normal hearing, native speakers of American English that did not

participate in Experiments 1-3 participated in this experiment. Seven subjects par-

ticipated for each T60 condition. Their ages varied between 19 and 32 with an average

of 22. As before, the subjects were paid for their participation and they reported no

problems with their hearing.
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Figure 5.3: Average percentage of correctly recognized sentences for the unprocessed
condition and twenty-three IBM-processed conditions tested in Experi-
ment 4. Recognition shown as a function of RC for T60 equal to 2 (a), 3
(b), and 30 s (c). Error bars indicate standard deviation.
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5.7.2 Results

Figure 5.3 shows the average percentage of correctly identified sentences for all test

conditions and T60 times. Unprocessed conditions are shown on the left with a square

marker. Processed conditions are shown as bars grouped by RC with the results

for different reflection boundary values indicated by different gray-scales. Standard

deviations are shown with error bars.

For the 2 s T60 conditions shown in Figure 5.3(a), we note that average recogni-

tion for the unprocessed mixtures is 55%, which is in good agreement with the 50%

predicted by the SRRT [69]. Paired t-tests with a Bonferroni post-hoc correction on

the rationalized arcsine transform of recognition percentages were performed to iden-

tify IBM-processed conditions that achieved significant intelligibility improvements

relative to the unprocessed condition. These tests showed that significant improve-

ments were achieved for reflection boundary of 5, 50 and 100 ms, while no significant

improvement was obtained for reflection boundary of 200 ms. The highest recogni-

tion scores for the 5, 50 and 100 ms reflection boundaries were obtained with RCs

between −9 dB and −3 dB. There was no significant difference observed in this range

between the 5 and 50 ms reflection boundaries, while recognition with both 5 and 50

ms reflection boundaries were significantly higher than recognition with the 100 ms

boundary at RC equal to −6 dB.

Similar results were obtained for the 3 s T60 conditions. In this case, average

accuracy on the unprocessed mixtures was 35.7%, whereas peak accuracy for the 5,
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50, 100 and 200 ms reflection boundaries were 95.7%, 90%, 81.4% and 27.1%, respec-

tively. As stated above, the 30 s T60 conditions serves as a follow up to [179], which

showed high intelligibility for IBM-processed noise. Wang et al. illustrated that the

spectro-temporal pattern of the binary mask carries sufficient information for speech

recognition. In this study we do not explicitly mask SSN, but as noted above, speech

reverberated with such an unrealistically long T60 becomes quite similar to SSN. In

fact, subjects informally reported hearing only noise for unprocessed mixtures in this

condition. As expected, recognition on the unprocessed mixtures was 0%. Consistent

with [179], intelligible speech could be induced by IBM-processing. In this case, recog-

nition was highest with the 5 ms reflection boundary, where peak accuracy exceeded

75%. Performance between each reflection boundary was significantly different, as

indicated by paired t-tests with a Bonferroni post-hoc correction on the rationalized

arcsine transform of mean recognition percentages.

A three-way ANOVA across data from all conditions and T60 times revealed that

all three main effects of T60 time, reflection boundary and RC value were significant

[F (2, 414) = 312.59, p < 0.001;F (3, 414) = 169.7, p < 0.001;F (6.414) = 132.24, p <

0.001]. There was also a significant interaction between the T60 time and the reflection

boundary [F (6, 414) = 7.73, p < 0.001], and between the T60 time and the RC value

[F (12, 414) = 5.45, p < 0.001].

As in Experiment 3, we show results as a function of LC, rather than RC, in

Figure 5.4. Again, for each reflection boundary, we shift the performance as a func-

tion of RC by the average effective SNR over 250 mixtures created with each of the
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Figure 5.4: Average percentage of correctly recognized sentences for the unprocessed
condition and twenty-three IBM-processed conditions tested in Experi-
ment 4. Recognition shown as a function of LC for T60 equal to 2 (a), 3
(b), and 30 s (c).
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HINT sentences. The average effective SNR for the 5, 50, 100 and 200 ms reflection

boundaries is −15.2 dB, −3.8 dB, 0 dB and 4.7 dB, respectively, for T60 equal to 2

s. For T60 equal to 3 s, the effective SNRs drop to −16.7 dB, −5.9 dB, −2.3 dB and

1.8 dB, and for T60 equal to 30 s, effective SNRs are −26.8 dB, −16.4 dB, −13.3 dB

and −10.8 dB, respectively.

5.8 Discussion

The ideal binary mask has been proposed as a main computational goal of CASA

systems and has been commonly used as a performance upper bound for segregation

based on T-F masking. Although the IBM has been extensively studied for anechoic

signals with additive interference, no existing work has investigated extending the

IBM to reverberant conditions. As discussed throughout this chapter, several defini-

tions of the IBM are possible when dealing with reverberant speech. We introduce the

concept of the reflection boundary to the IBM definition in order to parameterize the

treatment of target speech reflections. The experiments presented in this chapter ana-

lyze the intelligibility of IBM-processed speech with various reflection boundaries and

local SNR thresholds. Several conclusions can be drawn from the results presented

here.

First, it is clear that, provided the mask is defined appropriately, binary T-F mask-

ing can improve intelligibility of target speech in reverberant and noisy conditions.
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The experiments presented are, to our knowledge, the first studies that firmly estab-

lish this point. This outcome is crucial for engineering systems that seek to improve

speech intelligibility in reverberant environments based on binary T-F masking.

Second, as discussed in Section 5.1, one common choice in the CASA field has

been to treat the reverberant target as the desired signal in the definition of the

IBM. Experiments 1-3 show that this definition is at best suboptimal and in many

cases, does not lead to improved speech intelligibility. Particularly important is the

outcome of Experiment 3, which shows that intelligibility of speech processed by

IBM-R is significantly worse than intelligibility of unprocessed reverberant speech.

This suggests that the IBM is not capable of effectively restoring the perception of a

reverberant target signal by removing additive noise.

Third, all four experiments establish that the effect of early reflections must be

accounted for in the IBM definition. The reflection boundary parameter allows one

to do so in a manner that is most consistent with the literature on speech perception

in reverberation and to utilize an SNR threshold in the range that is functional for

anechoic speech with additive noise. Results from Experiments 3 and 4 show that

it is also possible to improve intelligibility using the direct-sound based IBM (or a

very short reflection boundary), but in this case, one must account for the substantial

reduction in effective SNR caused by reverberation by lowering the SNR threshold.

This suggests that another common choice of IBM used in the literature, IBM-DS

with 0 dB LC, is a poor choice in conditions with low direct-to-reverberant ratios.

When considering the IBM as a performance upper bound for CASA algorithms,
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the appropriate definition may, to some extent, be a matter of perspective. The use of

IBM-R is motivated by the viewpoint that human listeners do not perform “derever-

beration” of the stream of interest, and thus CASA should not seek to remove target

reverberation. However, the psychoacoustics literature has established that late re-

verberation is not integrated into perception of the target and acts as masking noise.

We argue then that if the purpose of CASA is to segregate a target signal consistent

with a perceptual stream, both late reverberation and additive interference should

be removed. Similarly, perceptual studies show that early reflections are integrated

into the perception of target speech. Thus, while it is clearly possible to improve

intelligibility using the IBM-DS definition, the characterization of mixture energy as

either beneficial or detrimental is inconsistent with auditory perception. We con-

tend that utilizing a reflection boundary in a reasonable range (e.g. 50 - 100 ms) is

most consistent with human speech perception and, therefore, the most conceptually

appealing alternative.
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CHAPTER 6

BINAURAL DETECTION, LOCALIZATION AND

SEGREGATION

In this chapter we propose a binaural system for joint localization and segregation of

an unknown and time-varying number of sources. The proposed system is consider-

ably more flexible and requires less prior information than the systems presented in

Chapters 3 and 4. A preliminary study with this system was published in [192].

6.1 Introduction

In this chapter we propose a binaural system for joint localization and segregation

of an unknown and time-varying number of sources. In keeping with the theme of

this dissertation and with the systems presented in Chapters 3 and 4, we incorpo-

rate both monaural and binaural cues. Whereas the systems described in previous

chapters performed simultaneous organization using monaural cues and sequential

organization using binaural cues in a two-stage process, pitch and azimuth cues are
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considered jointly for simultaneous organization by the system proposed in this chap-

ter. This approach retains the benefit of pitch-based grouping in the formation of

simultaneous streams, but allows for improved performance when pitch continuity

alone leads to incorrect grouping across continuous time intervals. Further, by train-

ing models jointly on pitch and azimuth cues, the relative contribution of each type of

cue is learned and the system naturally deals with both voiced and unvoiced speech.

This approach has the potential to reconcile the observation that monaural cues are

stronger than spatial cues for simultaneous organization [41,89,156], but that spatial

cues may contribute when circumstances allow (e.g. low reverberation, well separated

sources, ambiguous monaural cues) [40, 44, 45, 56, 157].

The proposed system incorporates many of the concepts presented in previous

chapters. We utilize the multipitch tracking algorithm described in Section 4.3.1,

incorporate the azimuth-dependent models presented in Section 4.2.2 and extend the

penalized maximum likelihood method outlined in Section 4.6.4 to handle detection

of an unknown number of sources across time. To assess performance we use an IBM

that includes early reflections in the definition of the desired signal, as proposed in

Chapter 5. We integrate these methods using a novel hidden Markov model (HMM)

framework to estimate the number of active sources across time, estimate the azimuth

of each active source per frame, assign pitch estimates to the corresponding azimuth,

and generate a binary T-F mask for each active source. We focus on segregation of

sources in fixed spatial positions, however the framework is amenable to the situation

with moving sources through inclusion of a motion model.
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As outlined in Section 2.4, several existing systems have considered joint estima-

tion of pitch and TDOA from a microphone pair [31,95,99,131], although these studies

do not provide a framework for dealing with multiple sources. Two-microphone segre-

gation based on pitch and spatial cues has been investigated in [50,130,159,194,195],

however these methods assumes a known and fixed number of sources (usually two)

[50, 130, 195], or track only the pitch and azimuth of the dominant source [159, 194].

While many of these multi-cue approaches are relevant, we are not aware of an existing

system that can perform localization, pitch tracking and segregation of an unknown

and time-varying number of sources.

In the following section we describe the front-end processing, define the compu-

tational goal and provide an overview of the proposed framework. In Section 6.3 we

outline the acoustic features used. We introduce each component of the HMM frame-

work in Section 6.4 and describe how estimates of the target signal are generated in

Section 6.5. Finally, we outline the evaluation methodology and results in Sections

6.6 and 6.7, and conclude with a discussion in Section 6.8.

6.2 Overview

We utilize the same auditory front-end described in Section 4.2.1. Again, we denote

a T-F unit as uE
c,m where E ∈ {L,R} indicates the left or right ear signal, m indexes

time frames and c indexes frequency channels.

The goal of the proposed system is to estimate the IBM. To asses performance

we utilize an IBM definition that includes early reflections in the desired signal, as
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presented in Chapter 5. As the formulation of the IBM with reflection boundary

parameter (see Section 5.2) dealt with monaural signals, we reiterate the concepts

here and propose an IBM definition suitable for binaural signals.

We model each T-F unit as,

uE
c,m =

∑
k

xE
k,c,m + vEc,m, (6.1)

where xE
k,c,m contains both the direct-path and early reflections of source k received by

microphone E, and vEc,m denotes the combination of late reflections from all sources

and any additional background noise. Note that we utilize a reflection boundary of

50 ms, but have omitted the subscript b for clarity.

Given this signal model, the so-called useful-to-detrimental ratio (UDR) [114] for

source k in T-F unit uE
c,m can be defined as,

UDRE
k (c,m) = 10 log10

( ∑
n(x

E
k,c,m[n])

2∑
n(u

E
c,m − xE

k,c,m[n])
2

)
, (6.2)

where summations are over the interval of the corresponding T-F unit. Note that the

UDR corresponds to the T-F unit-level effective SNR, as discussed in Chapter 5. We

then let UDRk(c,m) = (UDRL
k (c,m)+UDRR

k (c,m))/2 and define the IBM for source

k as,

IBMk(c,m) =

⎧⎪⎪⎨
⎪⎪⎩

1, if UDRk(c,m) > LC

0, otherwise

(6.3)

As studied in Chapter 5, the appropriate choice of LC depends on the effective

SNR, which is a function of both the input SNR and the reflection boundary. One of

the appealing properties of using a 50 ms reflection boundary is that this allows for
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the use of LC values in the range that are common to anechoic settings. To facilitate

comparison to existing segregation and enhancement methods that seek to maximize

the output SNR, we set LC to 0 dB. Note that we average the UDR from the left

and right signals so that each pair of T-F units, uL
c,m and uR

c,m, are given the same

assignment by IBMk(c,m). It is important to point out that this is only one possible

choice of binaural IBM. Alternatively, independent IBMs for the left and right signals

or an alternative method for combining information across ears could be used.

We utilize both spatial and periodicity information to estimate IBMk(c,m). To do

so, we track the pitch and azimuth of up to three concurrent sources across time. We

formulate the tracking problem such that we attempt to identify the most probable

multisource state in each time frame, where a multisource state encodes the number

of active sources, the azimuth of each active source, and the voicing characteristics

of each active source. For each possible multisource state and time frame, we assign

T-F units to one of the active sources using a set of trained MLPs. By identifying a

path through the multisource state space across time, we generate a solution to the

detection, localization, pitch-azimuth correspondence and simultaneous organization

problems. Finally, azimuth-based sequential organization is performed to generate a

T-F mask for each active source.

As will be discussed in Section 6.4, the cardinality of the full multisource state

space is prohibitively large. In order to make computation feasible, we incorporate

independent pitch and azimuth modules to identify a set of pitch and azimuth can-

didates to be considered by the HMM in each frame. We first introduce the main
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components of the HMM in Sections 6.4.1-6.4.3, and then describe how the indepen-

dent modules are used to generate candidate states in Section 6.4.4. A schematic

diagram of the proposed framework is shown in Figure 6.1.

6.3 Feature Extraction

From each T-F unit pair, uL
c,m and uR

c,m, we extract a set of pitch- and azimuth-related

features as observations within the tracking framework described in Section 6.4. The

pitch-related features are based on the correlogram and envelope correlogram [178].

We denote the correlogram and envelope correlogram as AE(c,m, γ) and ĀE(c,m, γ),

respectively. We use a low-pass filter with 500 Hz cutoff frequency and a Kaiser

window to extract signal envelopes. Also note that we downsample the left and

right signals to 16 kHz before computation of correlograms. We then let χc,m(γ) =

{AL(c,m, γ), AR(c,m, γ), ĀL(c,m, γ), ĀR(c,m, γ)} denote the set of four pitch-related

features for channel c, frame m and lag γ. We use Xm to denote the full set of pitch

features for frame m.

As in Chapters 3 and 4, the binaural features calculated are the ITD, denoted

τc,m, and ILD, denoted λc,m. Again, we calculate ITD and ILD as in Equations (3.2)

and (3.3), respectively. We use Tm and Λm to denote the full set of ITD and ILD

features, respectively, for frame m. Finally, we use Zm = {Tm,Λm, Xm} to denote

the entire set of observed data for frame m.
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6.4 Hidden Markov Model Framework

We seek to model the posterior probability of a multisource state in each time frame

based on the observed features described in Section 6.3. A multisource state, denoted

S = {θ1, θ2, θ3, γ1, γ2, γ3}, is a collection of individual pitch and azimuth states for

three sources. We consider a discrete grid of azimuths in steps of 5◦ from −90◦ to 90◦

and allow sources to be inactive such that the azimuth state space for a single source

is θk ∈ {∅,−90◦,−85◦, ..., 90◦}. We consider a discrete grid of pitch lags from 32 to

200 samples (16 kHz sample rate), which correspond to frequencies between 80 and

500 Hz. Since sources may also be unvoiced, the pitch state space for a single source

is γk ∈ {∅, 32, ..., 200}.

The posterior probability of a multisource state given the observed data can be

expressed as,

p(Sm|Z1:m) ∝ p(Zm|Sm)p(Sm|Z1:m−1) (6.4)

where subscript 1:m denotes a collection of features from frame 1 through frame

m. In the subsections below we discuss computation of the observation likelihood,

p(Zm|Sm), and the state predictor, p(Sm|Z1:m−1). In keeping with the assumption

made by the IBM that each T-F unit can be assigned to at most one source, we

include a data association stage where T-F units are assigned to an individual active

source for each hypothesized multisource state. This assignment is the mechanism by

which binary T-F masks are generated and facilitates computation of the multisource

likelihood without modeling interaction between sources.
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Figure 6.2: Illustration of the HMM framework. Multisource states are shown with
large dashed oval. Computation of observation likelihoods are illustrated
inside of the dashed rectangle.

We illustrate the proposed model in Figure 6.2. Multisource states that encode the

characteristics (azimuth, voicing, pitch) of up to three active sources are shown with

the large dashed ellipses. Multisource state transitions assume independence between

sources. The process for computation of the observation likelihoods is illustrated

inside of the dashed rectangle. Here, MLPs trained jointly on pitch and azimuth

features are used to assign T-F units to one of the underlying active sources. Unit

assignments, indicated by different colors, corresponding to one of the sources in the

multisource state allow the frame-level likelihood to be decomposed into the product

of unit-level likelihoods. We refer to this illustration as individual components of the

model are described below.
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6.4.1 T-F Unit Assignment

One of the principal advantages of the binary T-F masking approach to speech segre-

gation is that it opens up a class of supervised learning algorithms to perform classifi-

cation. Recent methods have yielded promising results using binaural features [149],

pitch-based features [97] and modulation spectral features [103]. In keeping with this

work, we incorporate a set of trained MLPs to assign T-F units to individual sources

based on the azimuth and pitch information contained in a multisource state. As

noted above, by solving this association problem for each possible multisource state,

estimating a path through the multisource state space naturally generates a solution

to the simultaneous organization problem.

Specifically, let Hk,c,m denote the hypothesis that a source with azimuth θk and

pitch γk satisfies the criteria necessary to be labeled 1 by the IBM. We then let

pc(Hk,c,m|zk,c,m) denote the posterior probability of Hk,c,m given the monaural and

binaural observations, zk,c,m = {τc,m, λc,m, χc,m(γk)}. For a given multisource state,

we perform data association according to,

yc(Sm) = argmax
k∈{1,2,3}

[pc(Hk,c,m|zk,c,m)] , (6.5)

where yc(Sm) ∈ {1, 2, 3} is an assignment to one of the sources contained in Sm.

Following the approach presented in Section 4.3.2, we train a set of MLPs to

model pc(Hk,c,m|zk,c,m). We train two MLPs for each frequency channel and azimuth,

one for unvoiced source states and one for voiced source states. For unvoiced states

(i.e. θ �= ∅ and γ = ∅), the models ignore the pitch features and consider only ITD
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and ILD. For voiced states (i.e. θ �= ∅ and γ �= ∅), the models consider the full set of

features. Since the pitch features are themselves a function of a specified pitch lag, the

same models are used independent of γk. Details regarding the training procedures,

training data and MLP topology are described in Section 6.6.3.

The T-F unit assignment procedure is illustrated on the left side of the large

dashed rectangle in Figure 6.2. Each T-F unit, illustrated with small rectangles, is

given a different color corresponding to one of the sources in the multisource state.

Here, we use Ym(Sm) to denote the full set of T-F unit assignments for state Sm.

6.4.2 Observation Likelihood

The multisource observation likelihood captures the probability that the observed

features were generated by a set of sources with azimuth and pitch characteris-

tics specified by the multisource state, Sm. We first assume that binaural features

and pitch-related features are conditionally independent such that, p(Zm|Sm) =

p(Tm,Λm|Sm)p(Xm|Sm). Further, we assume conditional independence across fre-

quency channels so that the T-F unit assignment described in the previous section

allows for the decomposition of frame-level observation likelihoods conditioned on

the characteristics of multiple sources into the combination of unit-level likelihoods

conditioned on the characteristics of a single source.

Accordingly, we let,

p(Tm,Λm|Sm) = α(Sm)

(∏
c

pc(τc,m, λc,m|θyc(Sm))

)ξ

, (6.6)
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where α(S) is used to adjust the likelihoods based on the number of active sources

contained in S and the term ξ is used to overcome the so-called probability over-

shoot phenomenon [75]. Multisource states with more active sources will produce

systematically higher likelihoods due to increased flexibility in the T-F unit assign-

ment expressed by Equation (6.5). Much like well-known model selection criteria,

e.g. Akaike information criterion or minimum description length [24], the penalty

term serves to minimize any systematic bias towards overestimation of the number

of sources (also see Section 4.6.4). Probability overshoot results from the fact that,

due to the overlapping passbands of gammatone channels, observations in individual

channels are not entirely independent. We set α(S) to 1, 1, 0.4, and 0.25 for the cases

with 0, 1, 2 and 3 active sources contained in S, respectively, and set ξ =
1

16
. These

values were determined from a validation set.

While both the pitch and azimuth states are incorporated in the T-F unit as-

signments, the likelihood of a specific pair of ITD and ILD values, τc,m and λc,m, is

assumed to be independent of the pitch states. We use the azimuth-dependent GMMs

presented in Section 4.2.2 for pc(τc,m, λc,m|θ). Models are trained for each frequency

channel and azimuth as described in Section 4.2.3 using the data described in Section

4.5.3. Finally, we set p(Tm,Λm|∅, ∅, ∅) = 0.02, again based on a small validation set.

As will be discussed further in Section 6.4.4, we incorporate individual pitch and

azimuth modules to supply a small set of candidate multisource states to the HMM.

Multipitch and multiazimuth likelihoods, or p(Tm,Λm|Θm) and p(Xm|Γm), are com-

puted within each module to independently explore the full space of azimuth and pitch
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combinations. In these modules, likelihood functions are symmetric about azimuth- or

pitch-to-source assignments. A key part of likelihood computation within the HMM

used for pitch-azimuth integration is identifying a correspondence between pitch and

azimuth in source assignments. Since the joint dependence on pitch and azimuth is al-

ready captured by p(Tm,Λm|Sm), we find it unnecessary to compute p(Xm|Sm) in the

same manner. We therefore set p(Xm|Sm) = p(Xm|Γm), which is described in Section

6.4.4. Essentially, p(Xm|Sm) captures the overall salience of a given set of pitches,

independent of how they are paired with azimuths in Sm, and p(Tm,Λm|Sm) then

validates both the salience of an azimuth set and the pitch-azimuth correspondence

specified by Sm.

In Figure 6.2 we illustrate computation of p(Tm,Λm|Sm) in the rightmost large

dashed rectangle. Given a set of T-F unit assignments, the set of binaural features

calculated from the units assigned to each source are evaluated using that source’s

azimuth-dependent GMM. This is indicated by the three separate arrows connecting

the T-F unit labels, Ym(Sm), and binaural features, Tm,Λm. The leftmost dashed

rectangle indicates that T-F unit assignments are not incorporated in computation

of p(Xm|Sm).
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Table 6.1: Single source state transition probabilities. Rows 1, 2 and 3 list transitions
out of voiced, unvoiced and inactive states, respectively. Columns 1, 2 and
3 list transitions into voiced, unvoiced and inactive states, respectively.

p(θ, γ|·) p(θ, ∅|·) p(∅, ∅|·)
p(·|θ′, γ′) (1− Pd)Pvvg(γ|γ′)f(θ|θ′) (1 − Pd)(1− Pvv)f(θ|θ′) Pd

p(·|θ′, ∅) (1− Pd)(1− Puu)p(γ)f(θ|θ′) (1− Pd)Puuf(θ|θ′) Pd

p(·|∅, ∅) PbPvp(γ)p(θ) Pb(1− Pv)p(θ) 1− Pb

6.4.3 State Predictor

The state predictor captures the probability of a given multisource state given the

posterior probabilities from the previous frame and state transition probabilities,

p(Sm|Z1:m−1) =
∑
Sm−1

p(Sm|Sm−1)p(Sm−1|Z1:m−1). (6.7)

To allows estimation of the optimal path through the multisource state space using

Viterbi decoding, we choose to approximate the predictor using,

p(Sm|Z1:m−1) ≈max
Sm−1

[p(Sm|Sm−1)p(Sm−1|Z1:m−1)] . (6.8)

The key component of the predictor is the set of state transition probabilities. We

assume independence between sources and define the multisource state transition

probabilities according to,

p(Sm|Sm−1) =
∏
k

p(θm,k, γm,k|θm−1,k, γm−1,k). (6.9)

Source independence is illustrated in Figure 6.2 by the separate arrows connecting

individual source states across time.
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We list individual state transition probabilities in Table 6.1 where Pb and Pd

are birth and death probabilities, respectively, f(θ|θ′) denotes the azimuth transition

probability, g(γ|γ′) the pitch transition probability, Pv the prior probability of a source

being voiced, and Pvv and Puu are the voiced-voiced and unvoiced-unvoiced transition

probabilities, respectively. Pb, Pd, f(θ|θ′) and p(θ) are highly situation dependant,

as they are related to source activity, source motion and listener movements. In

contrast, Pv, Pvv, Puu, g(γ|γ′) and p(γ) capture general properties of speech and

should be relatively consistent across conditions. In the evaluation of this study we

consider spatially fixed sources, and thus set f(θ|θ′) = δ(θ − θ′) and p(θ) =
1

|θ| − 1
.

Based on a validation set we set Pb = 0.03 and Pd = 0.01. Based on a small set of clean

utterances from the TIMIT corpus [68], we set Pv = 0.71, Pvv = 0.97, Puu = 0.91.

Following [97] we use a Laplacian distribution with mean 0.4 and standard deviation

2.4 for g(γ|γ′). The choice of a Laplacian and values of 0.4 and 2.4 were validated on

the same TIMIT corpus.

6.4.4 Pitch and Azimuth Modules

As noted in Section 6.2, a full search through the HMM state space is not tractable.

The cardinality of S is equal to ((|Θ| − 1)|Γ| + 1)3 > 1011, or roughly 250 billion

states. To make computation feasible we incorporate independent pitch and azimuth

HMMs to identify a set of pitch and azimuth candidates for each frame.

We use the multipitch tracking system [97] described in Section 4.3.1 as the in-

dependent pitch module. We let p(Γm|X1:m) denote the posterior probability of a
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multipitch state in frame m, and let p(Xm|Γm) denote the multipitch likelihood.

Note that we choose to use notation consistent with this chapter rather than the

notation used in [97].

The azimuth module is essentially a simplified version of the full HMM that ignores

correlogram features. We compute,

p(Θm|T1:m,Λ1:m) ∝

p(Tm,Λm|Θm) max
Θm−1

[p(Θm|Θm−1)p(Θm−1|T1:m−1,Λ1:m−1)] , (6.10)

where p(Tm,Λm|Θm) is calculated according to Equation (6.6),

p(Θm|Θm−1) =
∏
k

p(θm,k|θm−1,k), (6.11)

and

p(θm,k|θm−1,k) =
∑
γm

∑
γm−1

p(θm,k, γm,k|θm−1,k, γm−1,k)p(γm−1,k). (6.12)

The T-F unit assignment in this case is still computed using Equation (6.5), however

only the binaural MLPs are incorporated.

Once p(Γm|X1:m) and p(Θm|T1:m,Λ1:m) are computed for frame m, we use them

to identify a set of candidate multisource states. Since one of the more challenging

aspects of multipitch tracking is accurately detecting the number of pitched sources,

we select the best 1- and 2-pitch candidates in each frame according to p(Γm|X1:m),

and also allow for the possibility of no voiced sources in each frame. We then select the

best multiazimuth candidates according to p(Θm|T1:m,Λ1:m). We select a total of 70

multipitch candidates and 150 multiazimuth candidates, yielding 10500 multisource
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candidate states in each frame, a reduction of over 7 orders of magnitude relative

to the full multisource state space. In preliminary experiments we found the system

to be relatively insensitive to the number of multipitch and multiazimuth candidates

considered, and that good tracking and segregation performance could be achieved

even with such a severe reduction in the search space.

Note that the Jin and Wang multipitch tracking system deals with up to only two,

rather than three simultaneous voiced sources. As a result the proposed framework,

while it can localize and segregate up to three sources, is capable of assigning a pitch

two at most two sources. This is a limitation of the current implementation, although

we have studied extending the system to the three pitch case. We discuss this point

in more detail in Section 6.7.5.

6.5 Segregation

The proposed HMM framework was developed with flexibility in mind. Various as-

sumptions about source activity and source motion can be embedded in the prior

and transition probabilities. While online tracking and segregation of moving sources

are possible, we focus on offline segregation of an unknown number of sources in

fixed spatial positions. This facilitates comparison to existing BSS methods that as-

sume a known number of fixed sources and utilize the full mixture to localize each

source [58, 124].

To perform segregation, we first determine the optimal path through the multi-

source state space using Viterbi decoding. A selected state sequence encodes when
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individual sources become active and inactive, and encodes the azimuth, voicing

characteristics and set of T-F units associated with each source while it is active.

Essentially, the HMM estimates a solution to the simultaneous organization prob-

lem in that grouping is performed across frequency within continuous time intervals.

Specifically, when moving across time through the identified state path, we begin a

new simultaneous stream, pitch contour and azimuth contour from the frame-level

T-F mask, pitch estimate and azimuth estimate associated with the new source in

the multisource state. The stream and associated contours are propagated across

time using the frame-level masks, pitch estimates and azimuth estimates from subse-

quent frames until the source becomes inactive. Note that local connectivity within a

simultaneous stream during voiced intervals is based on both pitch and azimuth. Con-

nectivity between voiced and unvoiced regions is handled by azimuth alone. In cases

when azimuth information is unreliable (e.g. co-located or closely spaced sources), it

is in these regions that the system is most likely to wrongly group frame-level masks

across time. For this reason, we break simultaneous streams at voiced to unvoiced or

unvoiced to voiced transitions. This is only done to facilitate the analysis in Sections

6.7.1 and 6.7.2 using alternative sequential organization strategies. As will be dis-

cussed in the next paragraph, the proposed system perform sequential organization

based on azimuth, and thus stitches the broken simultaneous streams back together.

If an active source becomes silent and then reappears at a later time, the model

in its current form is agnostic as to whether the two periods of activity are due to

the same source. In other words, as indicated in Figure 6.1, the HMM itself does not
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perform sequential organization. A solution to the sequential organization problem is

highly application dependent. Since we assume sources are in fixed spatial positions in

the experiments in this chapter, azimuth is a powerful cue for sequential organization

(as shown in Chapter 3). As such, subsequent to the formation of simultaneous

streams, with their associated pitch and azimuth contours, we label streams as target

dominant when their estimated azimuth is within a specified error tolerance around

the known target azimuth. Thus we encode a “look direction” in order to perform

sequential organization. We show the output of the proposed system on a mixture of

two talkers from evaluation set 2 in Figure 6.3.

Numerous alternative approaches are possible. If online segregation is necessary,

one could embed assumptions about the source of interest using a target-specific

azimuth or pitch prior distribution. In this way the “look direction” or gender-specific

information could be encoded directly in the HMM. Alternatively, one could estimate

the total number of unique azimuths seen in a post processing stage, then group each

stream with the closest detected azimuth. This approach would be similar in design to

some of the binaural segregation and BSS approaches discussed in Chapter 2 [11,119,

124,136,149], however localization and segregation would benefit from incorporating

monaural cues in simultaneous organization. Finally, monaural speaker-dependent

[161, 187] or speaker-independent [87] sequential organization could be used rather

than relying on azimuth cues. We compare the proposed azimuth-based sequential

organization to a speaker-independent clustering approach in Section 6.7.1.
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Figure 6.3: Example output of simultaneous organization and T-F mask estimation
using the proposed system. Mixture from Set 2 with two male talkers
placed at −90◦ and −25◦ in a simulated environment with T60 equal to
0.6 s.
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6.6 Evaluation Methodology

6.6.1 Binaural simulation

For both the training and evaluation databases, we generate binaural mixtures that

simulate pickup of multiple speech sources in a reverberant space. Speech signals are

drawn from the TIMIT database [68] and passed through a BIR for a specified angle

and room condition. We use both simulated and measured BIRs. We simulate BIRs

with the ROOMSIM package [25]. We generate BIRs with T60 equal to 0.2, 0.4 and

0.6 s, where for each T60 we create 15 room environments where room size, micro-

phone position and microphone orientation are selected randomly and the reflection

coefficients of wall surfaces are set to be equal and the same across frequency. For

each T60 and environment we create BIRs for source positions between −90◦ and 90◦,

spaced by 5◦, where the source is placed 2 m from the microphone array. Anechoic

HRTF measurements from a KEMAR mannequin [67] are used in the simulation,

so we refer to the simulated set of BIRs as the KEMAR set. The measured BIRs,

referred to as the HATS set, are described in Section 4.5.1. Again, this set consists of

measurements made in four reverberant environments (rooms A, B, C and D) with

different sizes, reflective characteristics and reverberation times.

6.6.2 Evaluation Database

To evaluate the proposed system we generate three sets of mixtures that cover a

variety of acoustic conditions. Since an important component of the proposed system
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is estimating the number of active speech sources across time, we interlace monaural

utterances from the same TIMIT speaker with periods of silence to form an individual

speech source. Specifically, for each source we randomly choose an initial silence

period between 0.1 and 1 s, a speech duration between 1 and 2 s and a gap duration

between 0.1 and 1.5 s. Given these values a source is created by first placing zeros in

the signal for the initial silence, then alternating between speech and silence periods

until a 3 s signal has been created. Random utterances (without duplication) from the

same speaker are used for all speech periods of the same source, but TIMIT speakers

are chosen at random for each mixture. This process is carried out with monaural

TIMIT signals prior to spatialization using the BIRs, and ensures that each mixture

contains a time-varying number of sources. We show an example mixture from Set

2, described below, in Figure 6.4.

Set 1

For evaluation set 1 we simulate two speech sources at five different angular separa-

tions. For all mixtures we use the KEMAR BIRs with T60 set to 0.4 s and place a

target source at 0◦. We place the interference source at 0◦ (co-located), 5◦, 10◦, 15◦,

or 30◦. The spatialized sources are set to have equal power when summated across left

and right signals. To simulate a small amount of diffuse background noise, we filter

uncorrelated speech-shaped noise through the anechoic BIRs for each azimuth (−90◦

to 90◦) and sum them together. We create the speech-shaped filter by averaging the

amplitude spectra of 200 speech utterances drawn from TIMIT at random. We then
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(f) Ideal Binary Masks

Figure 6.4: Example mixture from Set 2 with two male talkers placed at −90◦ and
−25◦ in a simulated environment with T60 equal to 0.6 s.
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add the diffuse noise to each mixture such that the total speech-to-noise ratio is 24

dB.

Set 2

For evaluation set 2 we generate both two- and three-talker mixtures where the az-

imuth of each source is selected randomly such that sources are spaced by 10◦ or

more. We again use simulated BIRs in order to control T60. We generate 100 mix-

tures for the two- and three-talker cases with T60 equal to 0.2, 0.4 and 0.6 s. Sources

distances are set to 2 m for all sources and again, spatialized sources are set to have

equal power when summated across left and right signals. We add diffuse noise so

that speech-to-noise is 24 dB.

Set 3

To evaluate the system using real impulse responses we generate 50 two-talker mix-

tures for each room environment contained in the HATS BIR set. Azimuths are

selected randomly such that sources are spaced by 10◦ or more. Again, spatialized

sources have equal power and diffuse noise is added to achieve 24 dB speech-to-noise

ratio.

6.6.3 Model training

The proposed system utilizes trained models in both the observation likelihood (see

Section 6.4.2) and generation of T-F masks (see Section 6.4.1). We use the KEMAR

and HATS models described in Section 4.5.4 to compute observation likelihoods.

160



Similarly for the MLPs used in T-F mask generation, we train models for both

the KEMAR and HATS BIRs. For the KEMAR BIRs we generate 100 mixtures for

each azimuth between −90◦ and −90◦ where the number of interfering talkers, inter-

ference azimuths, source distances and mixture T60 are selected randomly. The room

environments used for the simulation are different from those used in the evaluation

set. For the HATS BIRs we generate 100 mixtures for each azimuth and each room

condition. The number of interfering talkers and interference azimuths are selected

randomly. Separate models are trained for each room condition (A, B, C and D) on

the data from the three alternative rooms so that the impulse responses used in an

evaluation utterance have not been seen in training.

For each mixture we generate the observed binaural and monaural features (see

Section 6.3), calculate the IBM according to Equation (6.3) and extract the ground

truth pitch of the target source from the premixed signals. We use the pitch estima-

tion method proposed in [12]. The IBM and pitch information are used to classify

mixture T-F units as either unmasked and unvoiced, unmasked and voiced, and

masked. The ground truth pitch information is used to select the appropriate cor-

relogram features. Using all unmasked T-F units, we train a separate binaural MLP

of ITD and ILD for each azimuth and frequency (used for unvoiced states). Using

all unmasked and voiced T-F units, we train a separate joint MLP of ITD, ILD and

correlogram features for each azimuth and frequency (used for voiced states).

For simplicity each MLP has the same network topology consisting of a hidden

layer with 20 nodes, and hyperbolic tangent sigmoid transfer functions for both hidden
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and output nodes. Training is accomplished using a generalized Levenberg-Marquardt

backpropagation algorithm.

6.7 Evaluation

6.7.1 Experiment 1: Simultaneous and sequential organization

In this first experiment we compare simultaneous organization performance to the

pitch-based method used in Chapters 3 and 4 in order to validate we achieve improved

performance. Further, as a follow up to the sequential organization comparison made

in Chapter 3, we compare azimuth-based sequential organization to a recent monaural

method based on speaker-independent clustering of cepstral features [87]. To allow for

comparison to pitch-based simultaneous organization, we do not keep multiple pitch

candidates as described in Section 6.4.4, but rather utilize the multipitch tracker

output and consider only voiced frames. For simplicity we also assume the number

of sources and source azimuths are known. In this case, the HMM simply generates

the across-time correspondence between pitch estimates and known azimuths.

The pitch-based simultaneous organization described in Chapter 4 first links pitch

estimates from the multipitch tracker across time based on pitch deviation. When

neighboring pitch frequencies are within 7% of each other, they are joined to form

pitch contours (see Section 4.3.1). Once pitch contours are formed, corresponding

simultaneous streams are generated using MLPs trained on correlogram features (see

Section 4.3.2). There are two key differences between the pitch-based approach and
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the HMM framework proposed in this chapter. First, grouping across frequency

within a time frame is based jointly on correlogram and binaural features in the

proposed system. This has the potential to achieve more effective grouping of mixed

voiced and unvoiced speech (e.g. due to coarticulation or temporal smearing caused

by reverberation) or when competing sources have similar pitch. Second, grouping

between time frames is handled implicitly within the HMM and is based jointly on

pitch and azimuth, which has the potential to improve local grouping in time when

the pitch contours of competing speakers overlap.

To evaluate whether we achieve a performance gain due to either across-frequency

grouping based jointly on binaural and correlogram features or due to across-time

grouping based jointly on pitch and azimuth, we compare three alternative simulta-

neous grouping strategies. We refer to these based on the method used for grouping

in time and frequency. The first is the pitch-based strategy. The second is an in-

termediate strategy that incorporates the joint MLPs for across-frequency grouping,

but operates on pitch contours generated with the pitch-based strategy (i.e. pitch

for grouping in time, joint for grouping in frequency). Specifically, pitch contours

are created from the multipitch estimates using the same 7% relative change criteria,

then each contour is assigned one of the known source azimuths based on the bin-

aural features within the corresponding pitch-based simultaneous streams. We then

use the combined pitch and azimuth information to update the set of simultaneous

streams with the joint MLPs. Finally, the third alternative uses the simultaneous

streams generated by the proposed system (joint in both time and frequency). We
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remove T-F units from the simultaneous streams in time frames that are identified

as unvoiced by the system.

We also compare three different sequential grouping methods. First, to analyze

the ceiling performance achievable by the simultaneous methods, we perform ideal

sequential organization by labeling simultaneous streams using the IBMs. Second, we

use the monaural clustering approach proposed in [87]. Third, we perform azimuth-

based sequential organization.

We show results for each of the nine combinations of simultaneous and sequential

organization strategies on evaluation set 1 in Table 6.2. We measure performance

using the percentage of correctly labeled target-dominant units (Hit), the percentage

of incorrectly labeled interference-dominant units (FA), and the difference between

the two (Hit-FA). Percentages are averaged over all 25 mixtures and both talkers

and shown as a function of azimuth separation. First, to compare simultaneous or-

ganization performance, we focus on the case with ideal sequential organization. We

note that including binaural features for across-frequency grouping using the joint

MLPs (Pitch+Joint) increases the Hit rate by 10.5%, averaged across conditions,

while increasing the FA rate by 2.5%, resulting in an 8% increase in Hit-FA on av-

erage. Hit-FA also increases using the full proposed system (Joint+Joint), by 10.3%

on average relative to the entirely pitch-based. The improvement relative to the

Pitch+Joint approach is 2.2% on average. Notable is the fact that the performance

of the Pitch+Joint and Joint+Joint approaches are comparable in the case with co-

located sources. This shows that the HMM successfully defaults to a pitch-based

164



T
ab

le
6.
2:

S
im

u
lt
an

eo
u
s
an

d
se
q
u
en
ti
al

or
ga
n
iz
at
io
n
p
er
fo
rm

an
ce

S
im

u
lt
a
n
e
o
u
s
O
rg

a
n
iz
a
ti
o
n

S
e
q
u
e
n
ti
a
l
O
rg

a
n
iz
a
ti
o
n

Id
ea
l

A
zi
m
u
th
-b
a
se
d

M
o
n
a
u
ra
l
C
lu
st
er
in
g

M
et
h
o
d
(T

im
e,

F
re
q
u
en
cy
)

M
et
ri
c

0
◦

5
◦

1
0
◦

1
5
◦

3
0
◦

0
◦

5
◦

1
0
◦

1
5
◦

3
0
◦

0
◦

5
◦

1
0
◦

1
5
◦

3
0
◦

H
it

6
2
.5

6
2
.8

6
1
.5

6
1
.6

6
1
.6

-
6
0
.4

6
0
.7

6
0
.6

6
1
.1

5
4
.5

5
6
.4

5
4
.4

5
4
.3

5
5
.4

P
it
ch
,
P
it
ch

F
A

8
.6

8
.4

9
.1

9
.2

9
.0

-
9
.3

9
.6

9
.6

9
.2

1
2
.0

1
0
.9

1
2
.2

1
2
.6

1
1
.9

H
it
-F
A

5
3
.9

5
4
.5

5
2
.9

5
2
.3

5
2
.7

-
5
1
.1

5
1
.1

5
1
.0

5
1
.9

4
2
.5

4
5
.5

4
2
.2

4
1
.7

4
3
.5

H
it

7
2
.8

7
3
.2

7
2
.3

7
1
.6

7
3
.3

-
7
0
.9

7
1
.1

7
1
.1

7
3
.0

6
2
.1

6
3
.8

6
2
.4

6
4
.0

6
5
.2

P
it
ch
,
J
o
in
t

F
A

1
1
.9

1
1
.4

1
1
.6

1
1
.4

1
0
.3

-
1
2
.3

1
2
.1

1
1
.7

1
0
.4

1
6
.3

1
5
.2

1
5
.7

1
5
.0

1
3
.9

H
it
-F
A

6
0
.9

6
1
.8

6
0
.6

6
0
.2

6
3
.0

-
5
8
.5

5
9
.1

5
9
.4

6
2
.6

4
5
.8

4
8
.6

4
6
.7

4
9
.0

5
1
.3

H
it

7
3
.8

7
5
.0

7
4
.6

7
5
.0

7
5
.5

-
7
1
.8

7
2
.0

7
3
.4

7
4
.3

6
4
.5

6
4
.1

6
5
.9

6
6
.4

6
5
.8

J
o
in
t,
J
o
in
t

F
A

1
2
.2

1
1
.5

1
1
.4

1
0
.8

1
0
.3

-
1
2
.9

1
2
.6

1
1
.6

1
0
.9

1
6
.0

1
6
.0

1
5
.1

1
4
.4

1
4
.3

H
it
-F
A

6
1
.6

6
3
.5

6
3
.3

6
4
.2

6
5
.1

-
5
8
.9

5
9
.4

6
1
.8

6
3
.3

4
8
.5

4
8
.2

5
0
.8

5
1
.9

5
1
.5

165



strategy when azimuth information is not beneficial. As one might expect, perfor-

mance of the proposed system (Joint+Joint) increases as the separation between

sources increases, from 61.6% to 65.1%.

In comparing sequential organization performance using the simultaneous streams

generated by the proposed system, the azimuth-based approach clearly outperforms

the monaural method, although the azimuth-based approach is not applicable in the

co-located condition. Averaged over the other conditions, the drop in Hit-FA of the

azimuth-based approach relative to ideal sequential organization is 3.2%, while the

drop for the monaural method is 13.5%. It is important to note that this comparison

method was not designed with reverberation in mind, although since no pre-trained

models are incorporated, it is reasonable to expect some robustness to reverberation.

Closer analysis of the results shows that the monaural system is actually quite com-

petitive for mixtures with different genders. Averaged over mixtures with separation

between sources of 5◦ or larger, Hit-FA on different gender mixtures is 64.4%, 62%

and 61.2% for ideal, azimuth-based and monaural sequential organization, respec-

tively. For same gender mixtures, Hit-FA scores drop to 63.6%, 59.6% and 39.1% for

the three methods, respectively. Since azimuth-based sequential organization may

not be possible in certain circumstances (the extreme case being co-located sources),

it is promising that this monaural approach can achieve good results when source

characteristics are sufficiently different.
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6.7.2 Experiment 2: Comparison with ground truth information

In this experiment we validate the fundamental assumption that segregation based

jointly on pitch and azimuth outperforms segregation based on azimuth alone. To

do so we compare the quality of binary T-F masks generated using the MLPs that

consider both correlogram and binaural features versus the MLPs that rely only on

ITD and ILD. We show results assuming various amounts of ground truth information

to both establish the ceiling performance achievable by the proposed mask estimation

methods and to analyze the amount of degradation due to estimating the number of

sources and the corresponding pitches and azimuths across time.

We perform this set of experiments on evaluation set 1, however, we exclude

the co-located mixtures so that the proposed system with azimuth-based sequential

organization and an exclusively binaural approach are applicable. For each mixture

we generate the IBM for each source according to Equation (6.3). We also use the

pitch tracking approach proposed in [12] to generate ground truth pitch for each

source using the premixed signals. The IBM, ground truth pitch and known azimuth

allow us to generate ground truth frame-level labels for each source. Specifically, we

consider a source to be active in a frame when at least one T-F unit in the source’s

IBM is labeled 1. Each active frame is labeled with the source’s known azimuth to

generate ground truth azimuth for each source. For each active frame, we label the

frame as either voiced or unvoiced depending on whether a pitch has been detected.

The ground truth pitch for each source is then associated with that source’s voiced
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frames. We show the IBMs, ground truth source activity and azimuth, and ground

truth pitch points for an example mixture with two male talkers in Figures 6.5(a),

6.5(c) and 6.5(e), respectively.

In Table 6.3 we show the average Hit-FA for the proposed system along with

various alternatives that incorporate ground truth pitch and/or azimuth and use

either ideal or azimuth-based sequential organization. On the left side of Table 6.3 we

list three columns: azimuth, pitch and sequential organization (S.O.). The proposed

system seeks to estimate these three main properties for each source from the mixture

signal alone. Each instantiation of the system shown either estimates (E) azimuths

and/or pitches or utilizes the ground truth information (GT). Note that we treat

detection of the number of sources and azimuth estimation together in the azimuth

category.

The ceiling performance achievable by the proposed MLPs is shown in row 1, where

both azimuth and pitch are generated based on ground truth information. Note that

in this case there is no need for a separate sequential organization stage because the

true azimuths and pitches for all sources are known in all frames. We can see that

while there is some degradation as the interference source is placed more closely to

the target source, the decrease in Hit-FA is less than 1.5%. We show the performance

achieved using only ground truth azimuth (i.e. pitch is ignored) in row 8. Note that

for systems based only on azimuth (rows 8 and 9), grouping across time and frequency

are based entirely on azimuth, and thus there is no distinction between simultaneous

and sequential organization. We can see that Hit-FA is systematically lower for the
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(c) Ground truth source activity and azimuth

0 0.5 1 1.5 2 2.5 3
−90

−60

−30

0

30

60

   90

Time (s)

A
zi

m
ut

h 
(°

)

 

 

Target Azimuth
Interference Azimuth
Spurious Azimuth

(d) Estimated source activity and azimuth
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(e) Ground truth pitch
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(f) Estimated pitch

Figure 6.5: Example IBMs (a), estimated masks (b), ground truth (c) and estimated
(d) azimuth, and ground truth (e) and estimated pitch (f) for a mixture
of two male talkers placed at −90◦ and −25◦ in a simulated environment
with T60 equal to 0.6 s. Target mask, azimuth and pitch are shown in
blue, interference in green. Spurious estimates are shown in gray.
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Table 6.3: Average Hit-FA (%) on evaluation set 1 for variants of the proposed sys-
tem with ground truth (GT) and estimated (E) pitch/azimuth and ideal
or azimuth-based sequential organization. Target is placed at 0◦ for all
mixtures and performance is shown as a function of interference azimuth.

Interference Azimuth

Azimuth Pitch S.O. 5◦ 10◦ 15◦ 30◦ Avg.

1 GT GT - 74.4 75.0 75.9 77.5 75.7

2 E GT Ideal 73.3 74.4 75.2 76.7 74.9

3 GT E Ideal 72.1 74.1 75.0 76.5 74.4

4 E E Ideal 70.0 73.3 74.1 75.6 73.3

5 E GT Azimuth 69.9 73.1 74.2 75.9 73.3

6 GT E Azimuth 70.0 73.3 74.3 76.1 73.4

7 E E Azimuth 67.3 72.4 73.5 75.2 72.1

8 GT - - 59.4 63.6 65.7 69.6 64.6

9 E - - 54.9 61.6 63.8 67.5 61.9

azimuth-only system (11.1% drop from row 1 to row 8), and the degradation between

the 5◦ case and 30◦ case exceeds 5%.

We show example posterior probability estimates generated by the binaural MLPs

and the joint correlogram+binaural MLPs using ground truth information in Figure

6.6. While in this example there is very good azimuth separation between sources

(65◦), the improved discrimination due to adding correlogram features is clear, par-

ticularly at low frequencies. In general we find that the two sets of features are

complimentary. Binaural features tend to perform poorly at low frequencies where

wavelengths are large relative to the microphone spacing, but can be quite powerful in

unvoiced and high frequency regions, whereas correlogram features are very powerful

in low frequency channels with resolved harmonics, but are more easily corrupted in
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(b) Joint Posterior

Figure 6.6: Example of posterior probability (MLP output) based on ITD and ILD
alone (a) and based jointly on ITD, ILD and correlogram features (b)
using ground truth pitch and azimuth for the target source. Mixture
from evaluation set 2 with two male talkers placed at −90◦ and −25◦ in
a simulated environment with T60 equal to 0.6 s.

high frequencies with unresolved harmonics and cannot be utilized in unvoiced speech

regions.

In row 7 we show the Hit-FA achieved by the proposed system, where the number

of sources and corresponding pitches and azimuths are estimated, and azimuth-based

sequential organization is used. In row 9 we show the Hit-FA achieved by an esti-

mated version of the azimuth-only approach. The azimuth-only version is the azimuth

module described in Section 6.4.4. We first note that as in the ground truth case, the

proposed system based on both pitch and azimuth achieves a systematic improvement

relative to the azimuth-only system. We see an improvement of up to 12.4% in the

5◦ case and 10.2% on average.

The drop in performance of the proposed system relative to the full ground truth
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system (compare row 7 to row 1) is between 2.5% and 7.1%, depending on the amount

of separation between sources. In this case, degradation can be due to source detec-

tion, azimuth and pitch estimation (including generating the correct correspondence

between azimuth and pitch in the HMM), and azimuth-based sequential organization.

To analyze the impact of each of these factors, we show alternatives that incorporate

partial ground truth information in rows 2 - 6. Consistent with the results in Exper-

iment 1, azimuth-based sequential organization achieves very near ideal performance

when sources are well separated (compare rows 2-4 to rows 5-7), but is a major con-

tributor to the degradation for very closely spaced sources. We also see that both

the pitch estimation and azimuth detection/estimation contribute similarly to the

performance degradation (compare rows 2 and 3 to row 4, and rows 5 and 6 to row

7), however in most cases the drop in performance is not additive (i.e. drop due to

pitch estimation plus drop due to azimuth estimation is typically more than drop due

to estimation of both). In general we see that there is not one primary source of error

in the proposed system.

We show the output of the proposed system on an example mixture from eval-

uation set 1 in Figures 6.5(b), 6.5(d) and 6.5(f), alongside the corresponding IBMs

and ground truth information. This illustrates the high degree of accuracy in both

mask estimation and pitch/azimuth estimation. The most notable errors in mask

estimation are due to falsely detected T-F units, primarily in regions dominated by

reverberation (and thus labeled 0 in the IBMs). Reverberation tends to smear the
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periodic speech components across time and thus some T-F units in the reverberation

tail are incorrectly assigned to the detected sources.

6.7.3 Experiment 3: Comparison to existing systems

In this experiment we compare the proposed approach to three two-microphone sys-

tems from the literature. The first is an idealized MVDR beamformer [15]. In our

implementation we calculate target and interference covariances from the clean target

and residual signals, and thus this method represents the upper bound performance

obtainable by a beamformer alone. We process 16 kHz noisy mixture signals through

a 256 channel linear filterbank with a decimation factor of 64 samples. We also com-

pare our method to the recent segregation methods presented in [58, 124]. Both of

these methods assume the number of sources are known a priori and that sources

are in a fixed spatial location. Although not required by the proposed approach, we

provide these comparison methods with the number of speech signals contained in

each mixture. We note that the method proposed in [58] was not explicitly designed

to handle binaural mixtures, and thus is sensitive to spatial aliasing caused by a large

microphone spacing. This approach is representative of a class of BSS methods that

handle underdetermined mixtures by performing separation independently in each

frequency band and then seek to resolve the across-frequency permutation ambiguity

(see Section 2.2). We include these results to illustrate the difficulty the binaural case

poses to solving the permutation problem.

In Figure 6.7, we show the change in SNR (∆SNR) achieved by the proposed

173



and comparison systems on evaluation sets 1 and 2. Since the comparison systems

do not seek to estimate the IBM, we use the premixed target signal as the reference

in calculation of SNR. Note that, in keeping with our definition of the IBM, we

include early reflections as a part of the target signal. In Figure 6.7(a) we see that

the proposed approach achieves an improvement in terms of ∆SNR relative to the

comparison methods in all cases. The improvement is largest for the 5◦ and 10◦

mixtures, where it exceeds 3 dB. In Figures 6.7(b) and 6.7(c) we show ∆SNR achieved

on evaluation set 2 as a function of T60 for two- and three-talker mixtures, respectively.

The proposed system achieves the largest SNR gains in nearly all cases.

As one would expect, the ideal MVDR is able to achieve much larger SNR gains for

mixtures with two talkers, particularly when there is little reverberation, because it

is able to create a single null in the interference direction. As reverberation increases,

sources are spaced more closely or the number of talkers is increased, the beam-

former is less effective. In preliminary experiments we have also found an MVDR

estimated from the mixture signal based on target detection is considerably less ef-

fective. However, since performance is influenced by numerous factors such as the

activity detection method used, the degree of overlap between target and interference,

and the amount of averaging used to derive the beam pattern, we include only the

ideal MVDR results in this comparison.

The Duong et al. system is an iterative implementation of the multichannel

Wiener filter that combines a beamformer and post-filter. This system does not

perform well on our evaluation set due to the large distance between microphones.
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Figure 6.7: ∆SNR the proposed algorithm and three comparison methods on evalu-
ation sets 1 (a) and 2 (b,c).
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Table 6.4: Avg. ∆SNR (in dB) for the proposed system and three comparison systems
using measured impulse responses from four room conditions. The T60 for
each room (in s) is listed in parenthesis.

A (0.32) B (0.47) C (0.68) D (0.89) Avg.

Proposed 8.6 7.9 8.7 6.9 8.0

Ideal MVDR 5.5 4.4 5.4 4.1 4.9

Duong et al. 3.5 3.1 3.9 3.5 3.5

MESSL 5.8 5.3 6.6 6.4 6.0

IBM 11.3 10.0 10.8 9.6 10.4

As mentioned above, it is important to note that the authors did not design the system

for such a large microphone spacing and thus our result should not be too surprising,

but it does illustrate the challenge in resolving the across-frequency permutation

ambiguity for a binaural input.

The MESSL system clearly outperforms the other comparison methods and is

capable of achieving large gains in SNR when sources are well separated in space.

This is notable particularly because MESSL requires very little prior training and is

still capable of handling spatial aliasing.

In Table 6.4 we show ∆SNR achieved by the proposed and comparison systems

on evaluation set 3, which uses measured BIRs in four different room conditions.

Consistent with the results when using simulated BIRs, the proposed system achieves

the best performance in all room conditions.
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6.7.4 Experiment 4: Detection and Localization

In this experiment we analyze the azimuth detection and localization performance

of the proposed system and compare to two binaural baseline methods. The first

is the SRP-PHAT approach, denoted “SRP”, described in Section 3.6.2. Rather

than integrate across all frames as done in previous comparisons, in this experiment

we recursively smooth azimuth-dependent responses across time frames to allow for

detection of a time-varying number of sources. We then select peaks in the smoothed

function in each frame that exceed a threshold. Smoothing constant and threshold

are determined using a training set of 50 two-talker and 50 three-talker mixtures

with 0.4 s T60, generated as described for set 2. The second comparison system,

denoted “SRP+Kalman”, pairs azimuth detections from SRP-PHAT with a set of

Kalman filters using the data association techniques proposed in [169]. A second-

order autoregressive model is used for source motion in each Kalman filter. Detections

are associated with existing tracks when they fall within an acceptance region that

accounts for measurement noise and possible target motion. New tracks are initialized

when a detection cannot be attributed to an existing track. Tracks are terminated

if there is an absence of detected azimuths within the acceptance region for multiple

consecutive frames. System parameters are tuned based on the same set of 50 two-

talker and 50-three talker mixtures.

We compute a number of metrics to evaluate detection and localization perfor-

mance. For each frame of an evaluation mixture, we consider a source to be detected
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Table 6.5: Detection and localization performance of the proposed and two compar-
ison systems on a subset of mixtures from evaluation set 1.

Proposed SRP SRP+Kalman

10◦ 15◦ 30◦ 10◦ 15◦ 30◦ 10◦ 15◦ 30◦

Recall 88.4% 91.0% 91.7% 65.5% 85.3% 91.8% 70.2% 88.0% 92.6%

Precision 96.2% 96.8% 96.1% 81.7% 84.8% 85.3% 87.7% 88.8% 89.1%

F-score 92.1% 93.8% 93.8% 72.7% 85.0% 88.4% 78.0% 88.4% 90.8%

Fine Error 0.02◦ 0.05◦ 0.0◦ 1.27◦ 0.68◦ 0.23◦ 1.72◦ 1.31◦ 0.98◦

if there is an azimuth estimate within (and including) 10◦. Any estimate that cannot

be attributed to an existing source is considered a false estimate. Note that a single

azimuth estimate cannot be used to detect more than one source. We then measure

both precision and recall. Precision is the percent of correct estimates out of the total

number of estimates generated by the system. Recall is the percentage of detected

sources out of the total number of true azimuths. We then calculate the F-score as

the geometric mean of precision and recall. Comparison methods were optimized to

maximize F-score. Finally, we measure the fine error as the average azimuth error of

the correct estimates.

We show performance of the proposed and comparison systems on a subset of

mixtures from set 1 in Table 6.5. Because the comparison methods utilize peak picking

in the frame-level azimuth responses, they perform poorly for sources spaced more

closely than 10◦. While the proposed system does not suffer from this shortcoming,

we show results only for mixtures with 10◦ of separation or more between sources. We

see that the proposed system outperforms the comparison methods in terms of F-score
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Figure 6.8: F-score (%) for the proposed and comparison systems on the two- and
three-talker mixtures from set 2. Results for two-talker mixtures are
shown with solid lines while those for three-talker mixtures are shown
with dashed lines.

for each azimuth separation condition. The improvement is largest for mixtures with

10◦ separation, where we observe an absolute improvement of 18% relative to SRP

and 12.7% relative to SRP+Kalman. We also see that the addition of the Kalman

filter and data association techniques improve performance relative to SRP alone.

Since sources are placed in fixed spatial positions, improvement is mainly due to a

decrease in false estimates through inclusion of heuristics for track initialization and

deletion. We also note that the fine error for the proposed method is less than or

equal to 0.05◦ in all cases, suggesting that azimuth estimation is extremely accurate

for detected sources.

In Figure 6.8 we show the F-scores achieved by each system on the two- and three-

talker mixtures from set 2. Results for two-talker mixtures are shown with solid lines

while those for three-talker mixtures are shown with dashed lines. Consistent with the
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results on set 1, the proposed approach provides a substantial improvement relative to

the comparison methods. Absolute improvement relative to SRP+Kalman, the more

competitive comparison method, is between 8% and 12% on the two-talker mixtures

and between 9% and 18% on the three-talker mixtures.

6.7.5 Analysis: Tracking 3 Pitches

As briefly mentioned in Section 6.4.4, the current implementation of the proposed

system can track up to only two pitches per frame. Since the HMM framework is

designed to deal with up to three simultaneous sources, we explored extending the

Jin and Wang system to track three pitches. We first note that based on our small

training set, we calculated the prior probability of a source being voiced in a given

frame as 0.71. If all sources were active in every frame of a three-talker mixture,

then all three sources would be voiced in roughly 35% of time frames. In our test

database however, not all three sources are active in every frame. For the three-

talker evaluation mixtures from set 2, we calculate that all three sources are active

in roughly 39% of time frames, while all three sources are voiced in roughly 13% of

time frames. This is not an insignificant number and thus it stands to reason that

tracking three pitches would be beneficial to performance.

We analyzed the possibility of tracking three simultaneous pitches using the Jin

and Wang system using a set of 100 three-talker, anechoic mixtures (constructed

as in evaluation set 2, but where no reverberation or background noise was added).

For good performance, we must be able to both accurately track all three pitches
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and correctly discriminate between two- and three-pitch frames. To determine how

well three simultaneous pitches could be tracked, we first extended the system to

handle the possibility of three sources and performed tracking over sequences of frames

in which all three sources were identified as voiced from the premixed signals. To

ignore the complexity of detecting the number of pitches, we ran the system assuming

(correctly) that it should always remain in the three-pitch subspace. We found that

on average, 66.5% of pitches were estimated correctly (within a tolerance of 10% of

the true pitch). In other words, even with knowledge that there were three pitches

present in each frame, on average, the system could only track two correctly. The

system correctly identified all three pitches in only 17.6% of the three-pitch frames.

While those numbers are not promising, we also analyzed whether it would be

possible to discriminate between the two- and three-pitch subspaces using the method

for computing multipitch likelihoods described in [97]. To avoid the complexity of

the HMM, we simply analyzed the likelihood of the true three-pitch state in three-

pitch frames and compared it to the best competing two-pitch likelihood. By this we

mean that if the three active pitches were γ1, γ2 and γ3, we compared p(X|γ1, γ2, γ3)

to the maximum of p(X|γ1, γ2), p(X|γ1, γ3), and p(X|γ2, γ3). Ignoring any penalty

on the likelihood (see Equation (11) in [97]), the three-pitch likelihood will equal or

exceed the best competing two-pitch likelihood, but in order to pull the HMM into

the three-pitch subspace, the value of the three-pitch likelihood must be sufficiently

larger. In Figure 6.9 we show a histogram of the log likelihood ratio comparing the

true three-pitch likelihood to the best competing two-pitch likelihood in all three-pitch
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frames of the analysis set. As a point of comparison, we also show a histogram of the

log likelihood ratio comparing the true two-pitch likelihood to the best competing

one-pitch likelihood in all two-pitch frames of the analysis set. As we know that

the multipitch tracker does a reasonable job of discriminating between one and two

pitches, although this discrimination is the largest source of error reported in [97],

we can clearly see that discriminating between two and three pitches will be more

challenging because the likelihoods of the two- and three-pitch states are much closer.

These small experiments show that both accurately tracking three simultaneous

pitches and correctly identifying the frames in which three pitches are present are

quite difficult using the Jin and Wang framework. Nevertheless, we did attempt to

optimize a version of the system to handle up to three pitches and found that, on

our anechoic data set, all three pitches were correctly detected in only about 6% of

the three-pitch frames. Further, we tested a version of the proposed system that

incorporated the three-pitch tracker on the three-talker mixtures of evaluation set

2, and found there was no performance gain. As the computational complexity of

the multipitch tracker is increased by over four orders of magnitude by moving from

two to three pitches, we concluded that using the original Jin and Wang system was

preferable.

6.8 Discussion

The evaluation results show that the proposed integration of pitch and azimuth cues

achieves more robust segregation than considering either monaural or binaural cues
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in isolation. Consistent with the observations made in Chapter 3, we observe that

incorporating pitch cues for simultaneous organization is beneficial to binaural segre-

gation but that, given spatially fixed and separated sources, azimuth-based sequential

organization outperforms a monaural comparison system. Results also show that the

proposed HMM framework improves simultaneous organization relative to the pitch-

based methods proposed in Chapters 3 and 4. Improvement is primarily due to jointly

utilizing spatial and periodicity for across-frequency grouping, although some benefit

of across-time grouping based jointly on pitch and azimuth is also observed.

We also show that the proposed method outperforms three existing two-microphone

systems. Improvement relative to the comparison methods of [58, 124] is particu-

larly notable given that these methods assume that the number of sources is known,

while sources are detected by the proposed method. Further, while these comparison

methods fundamentally assume sources are in a fixed position, the proposed method
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is capable of processing mixtures with moving sound sources through inclusion of a

motion model. The results from Experiment 4 illustrate the high degree of accuracy

achieved in terms of detection and localization and indicate that the proposed HMM

framework may be a promising approach to source tracking. Tracking and segrega-

tion of an unknown number of moving sources are problems to be addressed in future

work.

Our long-term goal is the development of a robust binaural system that benefits

from but does not rely on spatial cues. While the proposed HMM framework is a step

toward that goal and results indicate that this property has largely been achieved in

terms of simultaneous organization, the system still fundamentally relies on azimuth

to achieve sequential organization. An interesting direction for future work is thus

developing a similar integration of monaural and spatial cues for sequential organi-

zation.
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CHAPTER 7

CONTRIBUTIONS AND FUTURE WORK

7.1 Contributions

This dissertation addresses the problems of binaural localization and segregation in re-

verberant environments. Most existing binaural CASA systems perform localization-

based grouping of T-F units to achieve segregation. Such systems typically treat

localization as a first-stage subproblem so that grouping can be performed based on

a limited set of estimated locations. While it is obvious that human performance

benefits from a multitude of acoustic cues, localization-based grouping has become a

dominant paradigm due to excellent performance in conditions with limited reverber-

ation or background noise. In contrast to this approach, we integrate both monaural

and binaural cues to achieve robust performance in real-world conditions.

In Chapter 3 we propose a novel system to integrate pitch and azimuth cues for

localization and segregation of voiced speech. To this end we train a set of binaural

models to extract azimuth-dependent cues and develop a probabilistic framework

that decomposes segregation into separate simultaneous and sequential organization
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processes. Using existing monaural CASA methods we illustrate that pitch cues are

more effective than azimuth cues for simultaneous organization of voiced speech. We

show that when azimuth cues can be integrated over large T-F regions, they can still

be used reliably for sequential organization when sources are separated in space. We

demonstrate that localization-based sequential organization outperforms an existing

model-based approach. Finally, we show that integrating pitch cues also improves

localization performance relative to binaural comparison methods, particularly for

closely spaced sources or in reverberant environments.

In Chapter 4 we extend the framework from Chapter 3 to include additional

monaural cues and develop an azimuth-dependent binaural model that both dimin-

ishes the training burden as compared to existing techniques and is adaptable to a

new binaural setup (listener) and new environments. We perform extensive testing on

multisource mixtures in reverberant and noisy conditions using both simulated and

measured impulse responses. We show that monaural grouping improves localization

of simultaneous sources relative to several binaural baselines and that the benefit of

monaural grouping is most pronounced for distant sources and in low SNR conditions.

We demonstrate that the proposed binaural model can achieve robust performance in

real environments even when only anechoic measurements are available for training.

Chapter 5 seeks to identify a concrete computational objective for CASA-based

segregation in reverberant environments. Motivated by psychoacoustics literature,

we introduce the reflection boundary to the definition of the IBM so that target re-

verberation can be broken into useful and detrimental components. We perform a
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series of experiments to identify IBM definitions that improve intelligibility of rever-

berant and noisy speech for normal hearing listeners. We conclude that in moderate

to heavy reverberation, a commonly sought IBM that treats the fully reverberant

target as the desired signal does not lead to improved intelligibility. In contrast, we

show that IBM definitions with reflections boundary of 100 ms or less are capable of

increasing speech intelligibility. We contend that although similar performance can

be obtained with both an IBM based on the direct sound target and an IBM based

on direct sound and early reflections, that the latter is more consistent with psychoa-

coustics and allows the use of a local SNR threshold within the range commonly used

for anechoic signals.

Finally, in Chapter 6 we develop a binaural localization and segregation system

that is more flexible and requires less prior knowledge than the systems presented

in Chapters 3 and 4. We propose a novel HMM framework to perform simultaneous

organization based jointly on pitch and azimuth cues. The framework incorporates

MLPs trained on both feature types, which allows the relative contribution of pitch

and azimuth to T-F grouping to be learned. This approach retains the benefit of pitch-

based grouping, but allows for improved across-frequency grouping and grouping

across local time intervals. Through a series of experiments we demonstrate that

the proposed system outperforms state-of-the-art binaural segregation algorithms in

both simulated and real environments, achieves more accurate detection and azimuth

estimation relative to commonly used localization and tracking procedures, improves
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simultaneous organization relative to using pitch alone, and outperforms a monaural

approach to sequential organization.

7.2 Future Work

The system presented in Chapter 6 builds on those presented in earlier chapters and is

thus a nice point of departure for future work. In spite of constraining the search space

of the HMM using separate pitch and azimuth modules, computational complexity

is still a concern. Particularly for online segregation and tracking, a more efficient

algorithm for computation of the multisource posterior density would be necessary.

While we have observed good performance on multi-talker mixtures with rever-

beration and some additional diffuse background noise, one clear research goal is

evaluation in a more diverse set of acoustic conditions. Understanding the effect of

different types of interfering sounds as well as interferences with different spatial char-

acteristics would lend further insight into the problem. Along these lines, another

important step is to deal with moving sound sources (or a moving listener). While in-

clusion of a motion model for azimuth transitions would be straightforward to handle

some motion locally in time, one might face a number of challenges. Most notably,

azimuth-based sequential organization may become considerably more difficult in such

circumstances. Further, source or listener movements may require localization and

tracking to be performed in a continuous or more finely resolved azimuth space.

We have considered integration of spatial cues with monaural cues, but have

primarily focused on pitch. As alluded to in Section 6.8, incorporating additional
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monaural cues, particularly for sequential organization, should be beneficial. In this

case, much like we saw when integrating pitch and spatial cues for simultaneous

organization, the main challenge would be to combine cues for sequential organiza-

tion so that each type of cue could be utilized when it provides reliable information.

Speaker-dependent models [161,187], speech-dependent models [134,182,185] or cep-

stral clustering [87] are promising monaural methods that could be incorporated.

In terms of localization, it would also be interesting to address three-dimensional

localization. As discussed in Section 2.1, existing binaural systems for three-dimensional

localization have dealt only with individual sound sources and have often focused on

anechoic conditions. Monaural grouping could prove to be not just beneficial, but

essential for localization in terms of elevation or distance for simultaneous sound

sources. Further, since monaural grouping is based on detected source properties

(e.g. pitch), information regarding local characteristics of the source could facilitate

use of monaural spatial cues, which are necessary for localization in terms of elevation.

Finally, one of our main motivations is improving speech intelligibility for hearing

impaired listeners. As such, it would be informative to perform subjective intelligibil-

ity experiments with the proposed approach to determine whether or not the system

is capable of improving listening in difficult conditions.
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