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1 Introduction

The robust localization of speakers is a very important building block that is required
for many applications, such as hearing aids, hands-free telephony, voice-controlled
devices and teleconferencing systems. Despite decades of research, the task of
robustly determining the position of multiple active speakers in adverse acoustic
scenarios has remained a major problem for machines. One of the most decisive
factors that influence the localization performance of algorithms is the number
of microphones. When several pairs of microphones are available, beamforming
techniques such as the steered-response power, SRP, approach [25] or the multi-
channel cross-correlation coefficient, MCCC, method [7] can be applied to dis-
ambiguate the localization information by exploiting correlation among multiple
pairs of microphones. Furthermore, high-resolution subspace techniques such as the
multiple signal classification, MUSIC, algorithm [66] and the estimation of signal
parameters via rotational-invariance techniques, ESPRIT, approach [64] generally
require that the number of sensors is greater than the number of sound sources. Blind
source separation approaches, such as the degenerate unmixing estimation technique,
DUET, attempt to blindly localize and recover the signals of N sound sources from
M microphone signals [38, 81]. Although the DUET system is able to deal with
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underdetermined mixtures, that is, N > M , in anechoic conditions, performance
deteriorates in reverberant environments.

In contrast to machines, the human auditory system is remarkably robust in com-
plex multi-source scenarios. It can localize and recognize up to six competing talk-
ers [12], in spite of the fact that it is provided with only two signals reaching the left
and the right ears. Moreover, listening with two ears substantially contributes to the
ability to understand speech in multi-source scenarios [11, 19]. Unlike blind source
separation algorithms that aim at separating the sources in such a way that they are
fully reconstructed, the human auditory system does not need to perform such a
reconstruction of the original signals. It only needs to extract those properties of the
signal of interest that are needed for a particular task, such as estimating the direction
of a sound source, the identity of a speaker, or the words that are being pronounced.
Thus, when particular parts of the target signal are not available, that is, missing, due
to the presence of other interfering sources, there may still be enough information,
in other words, perceptual cues, available to extract the properties of interest, for
example, the identity of a speaker. This ability of the human auditory system to han-
dle complex multi-source scenarios and to segregate the contributions of individual
sound sources is commonly summarized by the term auditory scene analysis, ASA.
As described by Bregman [10], the underlying principles that facilitate ASA can be
divided into two stages, namely, segmentation and grouping. First, the acoustic input
is decomposed into spectro-temporal units, where each individual unit is assumed to
be dominated by one particular source. Secondly, in the grouping stage, a set of prim-
itive grouping rules, termed Gestalt principles, are employed by the auditory system
in order to integrate the information that is associated with a single sound source.
These Gestalt principles can be considered as data-driven mechanisms that are related
to physical properties of sound generation, leading to certain structures in auditory
signals. Common onsets across frequency, common amplitude and frequency modu-
lation, and common spatial location are examples of such Gestalt principles [10, 23,
75]. Apart from data-driven processing—also known as bottom-up processing—the
auditory system is able to focus the attention on a particular target source and inter-
pret the underlying source, for instance, in order to understand speech. This involves
schema-driven processing—also referred to as top-down processing—and requires
a priori knowledge about different sound sources.

Inspired by the robustness of the human auditory system, a research field termed
computational auditory scene analysis, CASA, has emerged, which aims at repro-
ducing the capabilities of the human auditory system with machines on the basis of
sensory input [75]. As the analysis is restricted to binaural signals, the task of auto-
matically localizing multiple competing sound sources is particularly challenging.
In this chapter, only two microphone signals will be considered, corresponding to the
left- and the right ear signals of an artificial head, and it is shown how principles of
human auditory processing can be used to estimate the azimuth of multiple speakers
in the presence of reverberation and interfering noise sources, where the number of
active speakers is assumed to be known a priori. Note that the intention is to develop
a robust computer algorithm that is inspired by auditory mechanisms, rather than
building a physiologically-plausible model of the human auditory system. Although
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this chapter focuses on binaural signals, the presented approach can be extended to
microphone arrays with multiple pairs of microphones.

After describing the binaural signals that are used throughout this chapter, an
overview of different approaches to binaural sound-source localization, ranging from
technical approaches to auditory-inspired systems, will be given in Sect. 3. A thor-
ough analysis of localization performance will then be presented in Sects. 4 and 5,
using multiple competing speakers in reverberant environments. An important prob-
lem is the influence of noise on speaker-localization performance, which will be
discussed in Sect. 6. In particular, it will be shown that the ability to localize speakers
is strongly influenced by the spatial diffuseness of the interfering noise. Moreover, it
will be seen that the presence of a compact noise source imposes severe challenges for
correlation-based approaches. By employing principles of auditory grouping based
on common spatial-location and missing data classification techniques, it is possible
to make a distinction between source activity that originates from speech- or from
noise sources. This distinction can substantially improve the speaker-localization
performance in the presence of interfering noise.

2 Simulation of Complex Acoustic Scenes

In order to evaluate the localization algorithms that are presented in this chapter,
complex acoustic scenes are simulated by mixing various speech and noise sources
that are placed at different positions within a room. Binaural signals are obtained
by convolving monaural speech files with binaural room impulse responses, BRIRs,
corresponding to a particular sound-source direction. These BRIRs are simulated
by combining a set of head-related transfer functions, HRTFs, with room impulse
responses, RIRs, that are artificially created according to the image-source model [4].
More specifically, the MIT database is used, which contains HRTFs of a KEMAR1

artificial head that were measured at a distance of 1.4 m in an anechoic cham-
ber [30]. These HRTFs are combined with RIRs, simulated with ROOMSIM,2 a
MATLAB toolbox provided by Schimmel et al. [65]. The receiver, KEMAR, was
placed at seven different positions in a simulated room of dimensions 6.6×8.6×3 m.
For the experiments conducted in this chapter, a set of BRIRs with the following
reverberation times are simulated for each of the seven receiver positions, namely,
T60 = {0.2, 0.36, 0.5, 0.62, 0.81 and 1.05 s}. The reverberation time, T60, of the sim-
ulated BRIRs has been verified by applying the energy-decay-curve method devel-
oped by Schroeder [67].

Furthermore, a number of databases with measured BRIRs are publicly available
[35, 37, 39], each of them focusing on a particular application. For a systematic

1 Knowles electronic manikin for acoustic research, KEMAR.
2 Although the problem of moving sources is not covered in this chapter, the MATLAB toolbox
ROOMSIMOVE for simulating RIRs for moving sources can be found at http://www.irisa.fr/metiss/
members/evincent/software.

http://www.irisa.fr/metiss/members/evincent/software
http://www.irisa.fr/metiss/members/evincent/software
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analysis of localization performance, the measurements provided by the University
of Surrey [35] were selected, since they offer BRIRs recorded in four different rooms
with an azimuthal resolution of 5◦. The following set of measured BRIRs is used for
evaluation, T60 = {0.32, 0.47, 0.68 and 0.89 s}. Note that the BRIRs of the Surrey
database are recorded with a Cortex–MK.2 head-and-torso simulator, HATS, which
is different from the KEMAR artificial head that was used to create the simulated
BRIRs. This allows the investigation of the impact on localization performance that
is induced by a mismatch between BRIRs that are used for training and those which
are used for testing. The results will be reported in Sect. 5.

Multi-source mixtures are created by randomly positioning sound sources within
the azimuth range of [−90, 90◦] while having an angular distance of at least 10◦
between neighboring sources. For the experiments presented in Sects. 4 and 5, speech
files are randomly selected from the speech-separation challenge, SSC, database [22].
Signals are either trimmed or concatenated to match an overall duration of 2 s. The
level of multiple competing speech sources was always set equal. In addition, the
impact of interfering noise on localization performance is systematically investigated
in Sect. 6 by using three different types of noise signals, namely, babble noise and
factory noise from the NOISEX database [74] and speech-shaped noise that is based
on the long-term average spectrum, LTAS, of 300 randomly-selected speech files.
Interfering noise sources are simulated by randomly selecting different time segments
of the corresponding type of background noise. In contrast to the speech files, there
is no constraint on the angular distance between multiple noise sources. The signal-
to-noise ratio, SNR, is adjusted by comparing the energy of all speech sources to the
energy of the noise. Note that the energies of the left and the right signals are added
prior to SNR calculation. The resulting binaural multi-source signals are sampled at
a sampling frequency of fs = 16 kHz.

3 Binaural Sound-Source Localization

The two major physical cues that enable human sound-source localization in the hor-
izontal plane are interaural time differences, ITDs, and interaural level differences,
ILDs, between the two ears [60]. Both cues are complementary in their effective-
ness. As already formulated by Lord Rayleigh more than 100 years ago, the ITD cue
is most reliable at low frequencies, whereas the ILD cue is more salient at higher
frequencies [60]. The spectral modifications provided by the complex shape of the
external ears are particularly important for the perception of elevation and help to
resolve front-back confusions [68]. In this chapter, the localization of sound sources
is restricted to the frontal horizontal plane within the area of [−90, 90◦]. In the fol-
lowing sections, a short review of popular sound-source localization approaches will
be given with the special application to binaural signals.
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3.1 Broadband Approaches

One of the most frequently-used approaches to sound-source localization is to
estimate the time difference of arrival, TDOA, between a pair of two spatially sepa-
rated microphones. This approach usually consists of the following two steps. First,
the relative delay between the microphones is estimated. Secondly, the estimated
delay is used to infer the actual angle of the sound source by employing knowledge
about the microphone-array geometry.

The generalized cross-correlation, GCC, framework presented by Knapp and
Carter [41] is the most popular approach to perform time-delay estimation. The
TDOA estimate, τ̂ , in samples, is obtained as the time lag, τ , that maximizes the
cross-correlation function between the two filtered microphone signals, that is,

τ̂ = arg max
τ

1

2π

∫

ω

W (ω) XL (ω) X∗
R (ω) e j2πωτ dω , (1)

where XL (ω) and XR (ω) indicate the short-time Fourier transforms of the micro-
phone signals, xL (n) and xR (n), received at the left and the right ears, and W (ω)

denotes a frequency-dependent weighting function. The classical cross-correlation,
CC, method uniformly weights all frequency components by setting WCC (ω) = 1.
To increase the resolution of GCC-based time delay estimation, it is useful to interpo-
late the GCC function by an oversampled inverse fast Fourier transform, IFFT [27].
Hence, an oversampling factor of four is considered in this chapter, resulting in a
τ -step size of 16 µs.

In ideal acoustic conditions, in which the signals captured by the two micro-
phones are simply time-shifted versions of each other, the most prominent peak
in the GCC function reveals the true TDOA between both microphones and can
be reliably detected. However, in more realistic scenarios with reverberation and
environmental noise, the identification of peaks in the GCC function becomes less
accurate, which, in turn, reduces the localization performance. Therefore, a vari-
ety of different weighting functions have been proposed in order to sharpen the
peak that corresponds to the true TDOA and to improve its detectability [15, 41].
Among them, the so-called phase transform, PHAT, is the most frequently-used
weighting function, which whitens the cross-spectrum between the two microphone
signals, xL (n) and xR (n), prior to cross-correlation by choosing the weighting as
WPHAT (ω) = |XL (ω) X∗

R (ω) |−1. When ignoring the impact of noise, the PHAT
weighting eliminates the influence of the source signal on localization and exhibits a
clearly visible peak at the true TDOA. One apparent drawback of the PHAT weight-
ing is that is gives equal weight to all frequencies, regardless of their signal-to-
noise ratio, SNR. Nevertheless, if all interferences can be attributed to reverberation,
the PHAT weighting has been shown to achieve robust localization performance
[32, 83], as long as the level of noise is low [83].

Another approach that attempts to improve the robustness of the GCC function in
noisy and reverberant environments is to perform linear prediction, LP, analysis to



402 T. May et al.

extract the excitation source information3 [59]. The conventional GCC function is
then computed based on the Hilbert envelope of the LP-residual signal, which was
reported to form a more prominent main peak at the true TDOA in comparison to
the conventional CC weighting.

Alternatively, the delay can also be derived from the average magnitude-difference
function, AMDF, and its variations [17, 36]. For an comprehensive overview of
different time-delay-estimation techniques the reader is referred to Chen et al. [18].

Once an estimation of the time delay between the left and the right ears is available,
the second step of TDOA estimation requires conversion of the measured time delay
to its corresponding direction of arrival, DOA. This is commonly achieved by a
table-look-up procedure that can roughly account for the diffraction effects of the
human head. Therefore, the estimated delay, τ̂ , of a particular TDOA method is
monitored in response to white noise filtered with HRTFs that are systematically
varied between −90◦ and 90◦ [8, 57]. The resulting mapping function establishes
a monotonic relation between time delay, τ̂ , and sound-source azimuth, ϕ, at an
angular resolution of 1◦.

3.2 Auditory-Inspired Approaches

It is an important property of the human auditory system to be able to segregate the
individual contributions of competing sound sources. In an attempt to incorporate
aspects of peripheral auditory processing, the cross-correlation analysis can be per-
formed separately for different frequency channels [8, 46, 50, 57, 63]. The frequency
selectivity of the basilar membrane is commonly emulated by a Gammatone filter-
bank, GTFB, that decomposes the acoustic input into individual frequency channels
with center frequencies equally spaced on the equivalent-rectangular-bandwidth-
rate scale, ERB scale, [31]. It is advantageous to use phase-compensated Gamma-
tone filters by accounting for the frequency-dependent group delay of the filters
at their nominal center frequencies, c f . This time-alignment can be achieved by
introducing a channel-dependent time lead and a phase-correction term [14], allow-
ing for a synchronized analysis at a common instance of time. Further processing
stages crudely approximate the neural-transduction process in the inner hair cells by
applying half-wave rectification and square-root compression to the output of each
individual Gammatone filter [63]. Although not considered in this chapter, more
elaborate models of the neural-transduction process might be applied at this stage
[53, 54, 72]. Then, on the basis of these auditory signals, denoted as hL, f and hR, f ,
the normalized cross-correlation, C , can be computed over a window of B samples
as a function of time lag, τ , frame number, t , and frequency channel, f , as follows,

3 The corresponding MATLAB code can be found at http://www.umiacs.umd.edu/labs/cvl/pirl/
vikas/Current_research/time_delay_estimation/time_delay_estimation.html

http://www.umiacs.umd.edu/labs/cvl/pirl/vikas/Current_research/time_delay_estimation/time_delay_estimation.html
http://www.umiacs.umd.edu/labs/cvl/pirl/vikas/Current_research/time_delay_estimation/time_delay_estimation.html
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C (t, f, τ ) =

B−1∑
i=0

(
hL, f (t · B/2 − i) − h̄L, f

) (
hR, f (t · B/2 − i − τ) − h̄R, f

)
√

B−1∑
i=0

(
hL, f (t · B/2 − i) − h̄L, f

)2

√
B−1∑
i=0

(
hR, f (t · B/2 − i − τ) − h̄R, f

)2

. (2)

h̄L, f and h̄R, f denote the mean values of the left and right auditory signals estimated
over frame t . The normalized cross-correlation function is evaluated for time lags
within a range of [−1, 1 ms], and the lag that corresponds to its maximum is used to
reflect the interaural time difference, ITD,

îtd (t, f ) = arg max
τ

C (t, f, τ ) / fs . (3)

Instead of using the integer time lag directly for ITD estimation, it is possible to
refine the fractional peak position by applying parabolic [36] or exponential [84]
interpolation strategies. It has been found that the exponential interpolation performs
better than the parabolic one, which is in line with results reported by Tervo and
Lokki [73].

The frequency-selective processing allows the frequency-dependent diffraction
effects introduced by the shape of the human head [8, 57, 63] to be accounted
for. More specifically, the cross-correlation pattern, C (t, f, τ ), which is usually a
function of the time lag, τ , is warped onto an azimuth grid, S (t, f, ϕ) [57]. This
warping is accomplished by a frequency-dependent table look-up, which is obtained
in a similar way as the one described in Sect. 3.1 and translates time delay to its
corresponding azimuth. The frame-based source position can then be obtained by
integrating the warped cross-correlation patterns across frequency and locating the
most prominent peak in the summary cross-correlation function, that is,

ϕ̂GFB (t) = arg max
ϕ

∑
f

S (t, f, ϕ) . (4)

This across-frequency integration is an implementation of the straightness approach
where sound-source directions with synchronous activity across multiple frequency
channels are emphasized [69, 71].

If more than one sound source should be resolved on a frame-by-frame basis, it
might be beneficial to compute a skeleton cross-correlation function [57, 63]. The
general concept is that each local peak in the cross-correlation function is replaced by
a Gaussian function where the corresponding standard deviation is varied linearly as
a function of the frequency channel. This processing aims at sharpening the response
of the summary cross-correlation function.

Although the computational approaches to binaural sound-source localization dis-
cussed so far have been focusing on exploiting the ITD cue, there are some attempts to
also consider the information that is supplied by the interaural level differences, ILDs.
The aforementioned skeleton cross-correlation function has some similarities with
the concept of contralateral inhibition, where the ILD information is incorporated
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into the cross-correlation framework to predict phenomena related to the precedence
effect [44, 45]. A comprehensive review of the recent development of binaural mod-
els can be found in [9]. Moreover, the model presented by Palomäki et al. [57] uses
an azimuth-specific ILD template to verify if the estimated ILD is consistent with
the template ILD that is expected for the ITD-based azimuth estimate. The ILD cue
can be derived by comparing the energy of the left- and the right-ear signals, hL, f

and hR, f , over a window of B samples, namely,

îld (t, f ) = 10 log10

⎛
⎜⎜⎜⎝

B−1∑
i=0

hR, f (t · B/2 − i)2

B−1∑
i=0

hL, f (t · B/2 − i)2

⎞
⎟⎟⎟⎠ . (5)

3.3 Supervised-Learning Approaches

In many realistic environments the observed binaural cues will be affected by the
presence of reverberation and noise sources. Although the binaural cues are noisy,
there still is a certain degree of predictability associated with these binaural cues,
depending on the azimuth of the sound source. Recently, supervised-learning strate-
gies have been employed in order to optimally infer the location of a source on the
basis of binaural cues [24, 34, 50, 56, 77–79] where the interdependence between
interaural time and level differences can be jointly considered as a function of fre-
quency channel, f , and sound-source direction, ϕ. Note that supervised-learning
approaches based on binaural cues have also been applied in the context of sound-
source segregation [33, 63].

In this chapter, a Gaussian mixture model, GMM, classifier to approximate the
two-dimensional feature distribution of ITDs and ILDs will be described. For the
extraction of ITDs and ILDs, auditory front-ends as described in the previous section
are commonly employed. In contrast to utilizing a mapping function—see Sects. 3.1
and 3.2—that translates the obtained interaural differences to their correspond-
ing sound-source directions, supervised-learning approaches offer the considerable
advantage of providing a probabilistic framework where multiple layers of informa-
tion can be jointly analyzed. This combined analysis of ITDs and ILDs has been
shown to be superior to exclusively relying on the ITD cue [50]. The localization
framework based on GMMs is very flexible and can be readily extended to incor-
porate additional features that depend on the sound-source direction. Likewise, the
GMM framework is applicable to array geometries with more than two microphones
from which binaural features for multiple microphone pairs could be extracted. To
extend the working range of the GMM-based localization model to the dimen-
sion of elevation, the additional integration of monaural cues might be beneficial
[43, 82]. Further details about vertical sound-source localization can be found in [6],
this volume.
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During the supervised training process, a priori knowledge is available to create
training data, namely, binaural features, and the corresponding class labels that cate-
gorize the training data according to different sound-source directions,ϕ. As analyzed
by Roman at el. [63], the joint distribution of ITDs and ILDs is influenced by the
presence of a competing source and its strength relative to the target source. This can
be accounted for by training the localization model with binaural cues extracted for
mixtures with a target and an interfering source at various SNRs. The resulting model
was reported to yield substantial SNR improvements [63], however, its application
is restricted to anechoic scenarios.

Multi-Conditional Training of Binaural Cues

Localization models are commonly based on the assumption of single-path wave
propagation. To overcome this fundamental limitation, a multi-conditional training
stage can be applied in order to incorporate possible variations of ITDs and ILDs
that are caused by the presence of competing sound sources, room reverberation and
changes in the source-receiver configuration [50]. During the multi-conditional train-
ing stage, a variety of different acoustic conditions are simulated, and the frequency-
dependent distributions of binaural features are approximated by a Gaussian mixture
model classifier. The reverberation characteristic is intentionally simplified by assum-
ing a frequency-independent reverberation time of T60 = 0.5 s. In this way, the same
amount of uncertainty is encoded in each Gammatone channel. To ensure that the
model is not trained for a particular room position, the multi-conditional training
also involves various receiver positions and radial distances between the source and
the receiver. Note that these positions are different from the ones that are used for
evaluation—see Sect. 2 for details. More specifically, the following parameters are
varied for each sound-source direction, ϕ,

• Competing speaker at ±40,±30,±20,±10 and ± 5◦ relative to the azimuth ϕ of
the target source

• Three SNRs between the target and the competing source, 20, 10 and 0 dB
• Three radial distances between the target source and the receiver, 0.5, 1 and 2 m
• Eight positions within the simulated room of dimensions, 6.6 × 8.6 × 3 m

To visualize the influence of reverberation and the presence of multiple sound
sources on ITDs and ILDs, the binaural feature space created by the multi-conditional
training stage is presented in Fig. 1. Each dot represents a joint ITD-ILD estimate
obtained for time frames of 20 ms. Note that the black and the gray distributions cor-
respond to binaural cues associated with a target source at ϕ = −50◦ and ϕ = 50◦,
respectively. When analyzing the general shape of the joint ITD-ILD feature distribu-
tions, it can be seen that the interdependency of both binaural cues results in complex
multi-modal patterns. Due to spatial aliasing, the cross-correlation function leads to
ambiguous ITD estimates at higher frequencies at which the wavelength is smaller
than the diameter of the head. Consequently, the ambiguous ITD information results
in multi-modal distributions where the number of individual clusters systematically
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Fig. 1 Frequency-dependent distributions of interaural time and level differences, ITDs and ILDs,
created by the multi-conditional training stage. Each dot represents a frame-based observation of
the joint ITD and ILT feature space. The black and gray distributions correspond to two different
sound-source directions, namely, ϕ = −50◦ and ϕ = 50◦ respectively. See text for more details

increases with frequency. This ITD fine structure at higher frequencies is deliber-
ately maintained, because experiments showed that a more detailed hair-cell model
that simulates the inability of the human auditory system to analyze the temporal
fine structure at frequencies above 1.5 kHz performed substantially worse in terms
of localization accuracy [50]. This comparison suggests that the fine-structure infor-
mation of the ITD can be effectively exploited by the GMM classifier for improved
localization performance. This is a distinguishing feature from other localization
models that attempt to build a physiologically-plausible model of human sound-
source localization [26]. Another practical advantage of exploiting ITDs at higher
frequencies is that the reverberation energy usually decays towards higher frequen-
cies. As a result, the binaural cues associated with higher frequencies are less affected
by reverberation, and thus convey more reliable contributions to overall localization.
The spread of the individual clusters can be attributed to the impact of reverberation
and the presence of a competing source. Furthermore, when comparing the binau-
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ral features for ϕ = −50◦ and ϕ = 50◦, it can be seen that the complex structure
systematically shifts with sound-source direction.

GMM-Based Localization

The distinct change of ITDs and ILDs as a function of sound-source direction, which
is illustrated in Fig. 1, can now be systematically learned by a GMM classifier. Thus,
the multi-conditional training is performed for a set of K = 37 sound-source direc-
tions, {ϕ1, . . . , ϕK } spaced by 5◦, within the range of [−90, 90◦]. After training, a set
of frequency- and azimuth-dependent diagonal GMMs,

{
λ f,ϕ1 , . . . , λ f,ϕK

}
, is avail-

able. Given an observed binaural feature vector consisting of estimated ITDs and
ILDs, xt, f = {

îtd (t, f ) , îld (t, f )
}

, the three-dimensional spatial log-likelihood
can be computed for the kth sound-source direction being active at time frame t and
frequency channel f as

L (t, f, k) = log p(xt, f |λ f,ϕk ) . (6)

To obtain a robust estimation of sound-source direction, the log-likelihoods are accu-
mulated across all frequency channels and the most probable direction reflects the
estimated source location on a frame-by-frame basis, that is,

ϕ̂GMM (t) = arg max
1≤k≤K

F∑
f =1

L (t, f, k) . (7)

Note that, in contrast to integrating the cross-correlation pattern across frequency,
see (4), the log-likelihoods are accumulated, taking into account the uncertainty
of binaural cues in individual frequency channels. This probabilistic integration of
binaural cues has been also suggested by Nix and Hohmann [56]. As a result, the
model does not require additional selection mechanisms, such as the coherence-based
selection of reliable binaural cues [29], because this weighting is already implicitly
incorporated into the model by the multi-conditional training stage. In other words,
the multi-conditional training considers possible variations of interaural time and
level differences resulting from competing sound sources and room reverberation,
thus improving the robustness of the localization model in adverse acoustic scenarios.

4 Frame-Based Localization of a Single Source

In this section a comparison is performed of the ability of different approaches to
localize the real position of one speaker in the presence of reverberation, based
on 20 ms time frames. Therefore, binaural mixtures are created by using the simu-
lated BRIRs with different reverberation times, T60. A set of 185 binaural mixtures
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is created for each reverberation time. For evaluation, the following methods are
considered,

• Generalized cross-correlation, GCC, function according to (1) with two different
weighting functions, WCC and WPHAT

• GCC function according to (1) with WCC based on the LP residual
• Gammatone-based cross-correlation, GCC–GTFB, according to (4)
• GMM-based localization according to (7) with multi-conditional training

The GCC-based algorithms used a 20 ms Hamming window and a fast Fourier trans-
form of 1,024 samples. The resolution of the resulting TDOA estimate was improved
by applying an IFFT-based interpolation with an oversampling factor of four. The
LP residual is created on the basis of 20 ms frames by using ten LP-filter coefficients.
The Gammatone-based processing is based on 32 auditory filters that were equally
distributed on the ERB-rate scale between 80 Hz and 5 kHz. All mapping functions
are derived from anechoic BRIRs based on the KEMAR HRTFs. In general, the num-
ber of active target speakers is assumed to be known a priori. The blind estimation
of the number of active speakers is currently being investigated [48].

The percentage of correctly localized frames is shown in Fig. 2 as a function of
the absolute error threshold. Different panels represent different reverberation times,
ranging from T60 = 0.2 up to T60 = 1.05 s. Apart from the conventional GCC
approach, all algorithms reach ceiling performance for a moderate reverberation
time of T60 = 0.2 s. But with increasing reverberation time, performance of all
GCC-based methods substantially deteriorates. Due to the fact that these approaches
are based on the assumption of single-path wave propagation, the presence of strong
reflections causes spurious peaks in the GCC function that are erroneously selected
as source positions. Thus, localization performance of the GCC-based approaches
will inevitably decrease in more challenging acoustic conditions. While the LP-
based preprocessing improves the performance of the conventional GCC approach,
the PHAT-weighting produces the overall most reliable estimates of all GCC-based
approaches, which supports the findings of previous studies [32, 83]. The GMM-
based localization model shows superior performance, especially in conditions with
strong reverberation, suggesting that the multi-conditional training stage can account
for the distortions of ITDs and ILDs due to reverberation. Furthermore, unlike the
other approaches, the GMM-based localization model is able to jointly analyze ITD
and ILD information.

5 Localization of Multiple Sound Sources

In more complex acoustic scenarios, a variety of sound sources might be active at the
same time. As demonstrated in the previous section, the performance of localizing
only one speaker on a frame-by-frame basis noticeably degrades with increasing
reverberation time. Therefore, an important question is how to integrate localization
information across time in order to reliably resolve the position of multiple competing
sound sources in reverberant environments.
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Fig. 2 Frame-based accuracy in % of localizing one speaker in a reverberant room as a function
of the absolute error threshold in ◦. Results are shown for different reverberation. a T60 = 0.2 s.
b T60 = 0.5 s. c T60 = 0.81 s. d T60 = 1.05 s

Temporal Integration

Recursive smoothing techniques could be considered as a way to calculate a running
average of localization information. Regarding the class of GCC-based approaches
that require a short-time estimate of the cross-spectrum, a first-order recursive
smoothing can be applied [47]. While this approach might help to improve localiza-
tion performance in scenarios with one target source, recursive smoothing reduces
the ability of the localization algorithm to quickly respond to changes in source activ-
ity, which is particularly important for complex multi-source scenarios. Furthermore,
the optimal smoothing constant might depend on a variety of different factors, such
as the number of active sources, the level of noise and the reverberation time. Thus,
exponential smoothing is not considered in this chapter.

One possibility of accumulating evidence about the location of sound sources is to
average the GCC function across time frames [1, 57]. This approach, which will be
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referred to as AVG, has the potential advantage that activity corresponding to multiple
sound sources can be considered per frame. Regarding the GMM-based localization
model, the probability of sound-source activity is averaged over all frames.

Alternatively, the most likely source location can be estimated on a frame-by-
frame basis, and all resulting short-time estimates can be pooled into a histogram [1,
3, 50]. Assuming that each of the active sound sources is most dominant across
a reasonable number of time frames, the histogram will approximate the probabil-
ity density function, PDF, of the true location of all active sound sources [3]. In
addition, variations of time-frequency-based, T–F, histograms, might be considered
where competing sources with different spectral contributions can be separated [2].
However, this implies that a priori knowledge about the spectral content of active
sources is available. Moreover, as this chapter focuses on the localization of multiple
speakers that show activity in a similar frequency range, the frame-based histogram
technique, denoted as HIST, will be considered.

As discussed in [58], deciding what number of bins is used for the histogram
analysis is a difficult task. While a high histogram resolution might be beneficial in
scenarios with moderate reverberation, a higher variance of the TDOA estimates due
to strong reverberation and noise can cause the histogram to have bimodal peaks,
which will be erroneously interpreted as two active sources. Thus, the choice is a
trade-off between between resolution and robustness. In accordance with [79], it has
been decided to use 37 histogram bins to cover the azimuth range of [−90, 90◦]
in steps of 5◦, where each individual bin is chosen to represent the time delay of
the corresponding anechoic HRTF. To increase the resolution of the final azimuth
estimate, exponential interpolation is applied to refine the maximum peak position
of the histogram analysis [84].

Recently, a maximum likelihood, ML, framework for localization has been pre-
sented by Woodruff and Wang [78, 79], which jointly performs segregation and
localization. Although small improvements were reported in comparison to the his-
togram approach [79], the computational complexity of the resulting search space is
only feasible if the number of target sources is low, for instance three. Yet, because
acoustic scenes with up to six competing speakers are used for evaluation in this
chapter, the ML approach is not considered.

In order to address the problem of moving sources, other approaches aim at
tracking the sound-source positions across time by employing statistical particle
filtering, PF, techniques and hidden Markov models, HMMs [26, 61, 62, 76, 80].
But since the position of sound sources is assumed to be stationary throughout the
time interval over which the localization information is integrated, these methods are
not considered in this chapter. For the application of binaural analysis in combination
with particle filtering, see [70], this volume.

The impact of temporal integration on sound-source localization is exemplified in
Fig. 3 for a binaural mixture with three competing speakers in a reverberant environ-
ment with T60 = 0.5 s. More specifically, a comparison of two temporal integration
strategies, namely, averaging versus histogram, is shown for two GCC-based meth-
ods, WCC and WPHAT weighting, and the GMM-based approach. In contrast to the
conventional GCC–CC pattern shown in panel (a), the PHAT weighting in panel
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Fig. 3 Influence of two temporal integration strategies on localizing three competing talkers posi-
tioned at −10, 20 and 35 ◦ in a reverberant room with T60 = 0.5 s. (a, c) Averaging of the GCC
function across time. (e) GMM-based approach where the frame-based probability of sound-source
direction is averaged over time. (b, d, f) Histogram-based integration. Dots represent the short-time
localization estimates on a frame-by-frame basis. The estimated azimuth of the three speakers is
marked by the black crosses, whereas their true position is indicated by dashed vertical lines
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(c) produces sharper peaks, therefore, is able to resolve the positions of all three
speakers. When using the histogram-based integration, both GCC–CC and GCC–
PHAT achieve accurate predictions of the true speaker locations that are indicated
by the vertical lines. The GMM-based approach shows the most prominent peaks of
all methods at the true positions of the speakers for both integration strategies, where
hardly any secondary peaks are visible.

To systematically compare the impact of these two temporal-integration strategies
on localization performance, binaural mixtures of 2 s duration with up to six com-
peting talkers are created, and the ability of various methods to predict the azimuth
of all active speakers within ±5◦ accuracy is evaluated. The following acoustical
parameters were varied,

• Number of competing speakers, ranging from one to six
• Randomized azimuth within [−90, 90◦] with a minimum separation of 10◦
• Simulated BRIRs ranging from T60 = 0.2 to T60 = 1.05 s

The experimental results are shown in Fig. 4 as a function of the reverberation
time. Results are averaged over the number of competing speakers. In comparison
to the frame-based localization accuracy reported in Sect. 4, the temporal integration
significantly reduces the impact of reverberation on localization performance. In gen-
eral, averaging the GCC pattern across time—dashed lines—is less robust than the
histogram-based approach—solid lines—where short-time localization estimates are
pooled across time. This is especially evident for the conventional GCC–CC method
where the broad peaks in the accumulated GCC response prevent the detection of
spatially close speakers—as seen in Fig. 3. Furthermore the averaging will integrate
spurious peaks caused by reverberation, which might be erroneously considered
as sound-source activity. In contrast, the histogram approach only considers the
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Fig. 4 Average performance of localizing up to six competing speakers with an accuracy of ±5◦ as
a function of the reverberation time, T60, for various approaches. The dashed line and the solid line
indicate the two temporal integration strategies, namely, averaging and histogram-based integration
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most salient source location on a frame-by-frame basis, thus focusing on the most
reliable information. Consequently, the histogram-based integration of short-time
localization estimates is very effective and considerably improves the robustness
against the detrimental effect of reverberation. Regarding the GMM approach, a
marginal benefit over the histogram-based integration is achieved when the prob-
ability of sound-source activity is averaged over time. This can be explained by
the observation that the azimuth-dependent probability of sound-source activity is
almost binary on a frame-by-frame basis—see Fig. 3—suggesting that each frame is
approximately dominated by one individual sound source.

Overall, the PHAT weighting is substantially more robust than the conventional
GCC–CC. Because the PHAT weighting already provides a sharp representation of
the estimated time delay with strongly reduced secondary peaks—see Fig. 3—the
additional improvement provided by the histogram integration is smaller than for
the GCC–CC, most noticeably at short reverberation times. In anechoic conditions,
GCC–PHAT HIST performs as well as the GMM approach. But with increasing
reverberation time, the multi-conditional training and the joint analysis of ITDs and
ILDs enable the GMM-based localization method to be more robust in reverberant
multi-source scenarios.

This benefit of the GMM-based approach over the GCC–PHAT HIST system is
presented in more detail in Fig. 5, where the localization performance is individually
shown as a function of the number of competing talkers and the reverberation time.
With an increasing number of speakers, the amount of reverberation has a stronger
impact on the localization performance of the GCC–PHAT HIST approach, as seen
in panel (a). This dependency of the localization performance on the reverberation
time is substantially reduced in panel (b), showing the robustness of the GMM-based
approach.

(a) (b)

Fig. 5 Sound-source localization accuracy in % as a function of the number of competing speakers
and the reverberation time for two approaches. a GCC–PHAT HIST. b GMM HIST
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Table 1 Average localization accuracy in % for two sets of BRIRs. a Simulated BRIRs based on the
KEMAR database [30]. b Measured BRIRs based on the HATS taken from the Surrey database [35]

BRIRs Methods # competing speakers
One Two Three Four Five Six Mean

GMM AVG 100 99.5 98.0 94.9 91.6 88.7 95.4
GMM HIST 100 99.4 97.6 94.5 90.9 87.9 95.0

(a) Simulated, KEMAR GCC–PHAT HIST 100 97.8 92.2 86.7 82.1 79.3 89.7
T60 = {0.36, 0.5, 0.62, 1.05} s GCC–PHAT AVG 100 96.6 90.2 85.7 80.1 75.9 88.1

GCC–CC HIST 96.8 85.2 79.5 74.3 72.1 70.3 79.7
GCC–CC AVG 96.2 65.4 52.3 49.3 48.7 46.4 59.2

GMM AVG 100 99.0 97.0 92.7 89.8 86.7 94.2
GMM HIST 100 98.9 96.4 92.3 89.4 86.2 93.9

(b) Measured, HATS GCC–PHAT HIST 99.9 98.3 95.7 89.7 84.8 80.7 91.5
T60 = {0.32, 0.47, 0.68, 0.89} s GCC–PHAT AVG 99.3 96.7 90.9 84.2 80.5 75.4 87.8

GCC–CC HIST 93.9 82.7 76.4 71.0 69.1 67.3 76.7
GCC–CC AVG 90.4 54.5 46.4 41.9 40.8 38.8 52.1

Generalization to Real Recordings

An important question is to what extent the results obtained with simulated BRIRs
can be compared to recorded BRIRs. Therefore, the localization performance of
simulated BRIRs is compared with a set of measured BRIRs. To allow for a fair
comparison, a subset of the simulated BRIRs, T60 = {0.36, 0.5, 0.62 and 1.05 s}, was
selected such that the reverberation times are as close as possible to the measured
BRIRs, T60 = {0.32, 0.47, 0.68 and 0.89 s}—see Sect. 2 for details. Furthermore,
this comparison allows for assessing of how well the localization methods, which
have all been trained on one particular artificial head, KEMAR, are able to generalize
to the recorded BRIRs, which are based on a different artificial head, HATS.

The analysis involves binaural multi-source mixtures containing between one and
six competing speakers that are created using both simulated and measured BRIRs.
In Table 1, the localization accuracy of all tested methods is shown separately for
(a), the simulated BRIRs based on the KEMAR artificial head and (b), the measured
BRIRs based on the HATS artificial head. Results are averaged across all reverber-
ation times. By comparing the mean values for different conditions, it can be seen
that the overall performance for the measured BRIRs is fairly well reproduced by the
set of simulated BRIRs. Thus, the differences in localization performance evaluated
with simulated BRIRs are also valid for real life BRIRs. This is an important state-
ment, justifying the usage of simulation tools for the development of localization
algorithms. Furthermore, although the binaural-localization models are calibrated
for one particular artificial head, localization performance does not degrade substan-
tially when they are applied in the context of a different binaural-recording setup.
Nevertheless, to minimize the sensitivity of the GMM-based localization model to
a specific artificial head, the multi-conditional training stage can be readily adopted
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to include various sets of different HRTFs. Alternatively, it is possible to employ
generic head models if only the coarse characteristics of the human head should be
captured [13, 28]. Moreover, supervised learning of binaural cues can also be applied
in the field of robotics, which is discussed in [5], this volume.

6 Localization of Speakers in the Presence of Interfering Noise

When all active sound sources are assumed to be speakers, it is reasonable to cluster
the localization information across time and to treat the most significant peaks as
estimated source positions. However, if speech activity is corrupted by environmental
noise, the task becomes much more difficult and a prominent peak might as well
correspond to the position of a noise source. Therefore, a distinction between speech
and noise sources is required in order to reliably select sound-source activity that
originates from active speakers. In the following, the application of binaural cues to
the problem of sound-source segregation is considered.

6.1 Segregation of Individual Sound Sources

In order to distinguish between speech and noise sources, the time-frequency, T–F,
representation of multi-source mixtures will be segmented according to the estimated
azimuth of sound sources. Assuming that sound sources are spatially separated, all
T–F units that belong to one particular sound-source direction will be assumed to
belong to the same acoustic source. This source segregation can subsequently be
used to control a missing data classifier.

The GMM-based approach to binaural sound-source localization described in
Sect. 3.3 was shown to accurately predict the location of up to six competing speakers
in reverberation. Instead of using the most prominent peaks in the azimuth histogram
as estimated sound-source positions, each local peak in the azimuth histogram will
now be considered as a speech-source candidate. The corresponding histogram-bin
indices are used to form a set of M candidate positions, L = {�1, . . . , �M }. Because
the GMM-based approach extracts the likelihood of sound-source activity in indi-
vidual frequency channels, the resulting spatial log-likelihood function, L (t, f, k),
can be used to determine the contribution of all M candidate positions on a time-
frequency, T–F, basis as

Mm (t, f ) =
{

1 if m = arg max
k∈L

L (t, f, k)

0 otherwise .
(8)

The resulting estimated binary mask, Mm (t, f ), is a binary decision whether the
m-th candidate has been the most dominant source in a particular T–F unit. The
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binary mask has a wide variety of different application areas, among them automatic
speech and speaker recognition [21, 51, 52] as well as speech enhancement [40]. Due
to the promising results that were obtained with the ideal binary mask, IBM, where
the optimal segregation is known a priori, the estimation of the ideal binary mask
has been proposed as the main goal of computational auditory scene analysis [75].

Speech-Detection Module

In the following, it will be discussed how the estimated binary mask according to
(8) can be used to select the most-likely speech sources among a set of candidate
positions. The estimated binary mask can be used to perform missing data, MD, clas-
sification, where only a subset—indicated by the binary mask—of all time-frequency,
T–F, units are evaluated by the classifier, namely those that are assumed to contain
reliable information about the target source [21]. In this way, it is possible to selec-
tively analyze and classify individual properties of one particular target source in
the presence of other competing sources. Note that the concept of missing data is
closely related to the auditory phenomenon of masking, where parts of the target
source might be obscured and are, therefore, missing in the presence of other inter-
fering sources [55, 75]. To distinguish between speech and noise sources, the amount
of spectral fluctuation in individual Gammatone channels is a good descriptor that
can be used to exploit the distinct spectral characteristic between speech and noise
signals [49]. Based on a smoothed envelope, e f , obtained by low-pass filtering the
half-wave rectified output of the f th Gammatone channel with a time constant of
10 ms, the mean absolute deviation of the envelope over B samples is calculated as

F (t, f ) = 1

B

B−1∑
i=0

|e f (t · B/2 − i) − ē f | , (9)

where ē f reflects the mean envelope of the t-th frame. Note that the left and the
right ear signals are averaged prior to envelope extraction. This feature, F (t, f ),
is subsequently modeled by two GMMs, denoted as λSpeech and λNoise, reflecting
the feature distribution for a large amount of randomly selected speech and noise
files [49, 51]. Incorporating this a priori knowledge about the spectral characteristics
of speech and noise signals can be viewed as an implementation of schema-driven
processing. Given the estimated mask, Mm , the two GMMs, λSpeech and λNoise, and
the extracted feature space, F , the log-likelihood ratio of speech activity for the m-th
candidate can be derived as

pm = log

(
p

(
F |λSpeech,Mm

)
p (F |λNoise,Mm)

)
. (10)

In order to emphasize speech-source candidates that are more frequently active
in the acoustic scene, the log-likelihood ratio of speech activity is weighted with
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the a priori probability of sound-sources activity, which is approximated by the
normalized azimuth-histogram value of the corresponding candidate [49]. Although
other weighting schemes can be considered, it was found that putting equal weight on
the log-likelihood ratio obtained from the MD classifier and on the histogram-based
localization information leads to good results. Finally, these weighted log-likelihood
ratios of all M candidates are ranked in descending order, and the azimuth positions
corresponding to the highest values are used to reflect the most likely speech source
positions. In this way, the plain peak selection based on the most dominant local-
ization information is supported by evidence about the source characteristic, being
either speech-like or noise-like, therefore allowing for a distinction between speech
and noise signals. The localization based on this speech-detection module will be
referred to as GMMSDM.

Of course, other unique properties of speech signals might be considered at this
stage as well, and a joint analysis of multiple complementary features is conceivable
to further improve the ability to distinguish between speech and noise signals. As
reported by [40, 42], the amplitude-modulation spectrogram is an effective feature
that provides a reliable discrimination between speech and noise. Furthermore, is
has been shown that also the distribution of reliable T–F units in the estimated binary
mask, Mm , contains information about the type of source, where the binary pattern
shows a more compact representation for speech sources than for noise signals [48].

6.2 Influence of the Spatial Diffuseness of Interfering Noise

The impact of environmental noise on the ability to localize speakers does not only
depend on the overall signal-to-noise ratio, but furthermore on its spatial distrib-
ution. Nevertheless, the vast majority of studies have investigated the influence of
diffuse noise on sound-source localization [1, 16, 17, 79], which complies with the
assumption of the GCC-based approach. However, the assumption of a diffuse noise
field is not necessarily realistic for a real-life scenario. As recently analyzed by [58],
real recordings of noise scenarios show a substantial amount of correlation, where
the maximum value of the normalized cross-correlation function has been used as an
indication of the amount of spatial correlation between the two microphones. Their
experimental results showed that the conventional GCC method was superior to the
PHAT weighting for acoustic conditions in which the noise had a high degree of
correlation [58].

Therefore, the aim of this section is to investigate the impact of noise diffuse-
ness on speaker-localization accuracy. More specifically, the influence of the noise
characteristic is analyzed by systematically varying the amount of correlation of the
noise between the left and the right ear signals. Therefore, different realizations of a
particular noise type are filtered with BRIRs corresponding to a predefined number
of randomly-selected azimuth directions. Note that for a given noise signal, each
azimuth direction may be only selected once. By systematically varying the number
of azimuth directions that contribute to the overall noise field from 1 to 37, the spatial
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characteristic of the resulting noise can be gradually changed from a compact noise
source located at one particular azimuth direction to a noise field where the energy
is uniformly distributed across all 37 sound-source directions, thus approximating a
diffuse noise field. The spatial diffuseness of the resulting noise field is specified by
relating the number of noise realizations that contribute to the overall noise signal to
the total number of discrete sound-source directions, ranging from 100 · 1

37 = 2.7 to
100 · 37

37 = 100 %.
In order to quantify the amount of correlation between the left and the right

ear signals, the short-time coherence is estimated for 20 ms frames. The resulting
coherence is averaged over time and shown in Fig. 6 as a function of frequency for
noise signals consisting of 1, 3, 9, 19 and 37 superimposed realizations of randomly-
selected azimuth directions. Whereas the average coherence in panel (a) is based on
noise signals in anechoic conditions, panel (b) shows the additional influence of
reverberation, namely, T60 = 0.36 s. It can be observed that the coherence functions
systematically decrease with increasing number of noise realizations that contribute
to the overall noise field. Furthermore, when comparing panel (a) and (b), it can
be seen that in addition to the number of noise realizations, reverberation has a
decorrelating effect, decreasing the correlation between the left and the right ear
signals.

Now, the influence of interfering noise on localization performance is analyzed for
binaural multi-talker mixtures with up to four competing talkers. Speech is corrupted
with noise with the spatial distribution being gradually changed from compact noise
to spatially diffuse noise. The following acoustic conditions are varied,

• Number of concurrent speakers ranging from one to four
• Number of interfering noise sources, 1, 3, 9, 19 and 37
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Fig. 6 Average short-time coherence estimates between the left and the right ear signals in response
to various simulated noise signals. The individual noise signals consist of 1, 3, 9, 19 and 37 superim-
posed realizations of factory noise excerpts and are filtered with BRIRs corresponding to randomly
selected azimuth directions. a Results for T60 = 0 s. b Results for T60 = 0.36 s. See Sect. 6.2 for
details



Binaural Localization and Detection of Speakers in Complex Acoustic Scenes 419

GCC-CC HIST
GCC-PHAT HIST
GMM HIST
GMM SDM

Sp
ea

ke
r

lo
ca

liz
at

io
n

ac
cu

ra
cy

(%
)

Noise diffuseness (%)

0102030405060708090100
50

60

70

80

90

100

Fig. 7 Accuracy of localizing up to four competing speakers in a reverberant room, T60 = 0.36 s,
as a function of the spatial diffuseness of the interfering noise. Performance is averaged over three
SNRs, that is, 10, 5 and 0 dB, and three types of background noise, namely, factory, babble and
speech-shaped noise

• Three noise types, namely, factory noise, babble noise and speech-shaped noise
• SNR between speech and noise, that is, 10, 5 and 0 dB

The performance of localizing up to four competing talkers within ±5◦ accuracy
is presented in Fig. 7 as a function of the spatial diffuseness of the noise. Results are
averaged over the number of competing talkers, the three noise types and the three
SNRs. In general, the presence of noise imposes serious problems for the GCC-
based approaches using either the WCC or the WPHAT weighting. In contrast to the
results presented in Sect. 5, the PHAT weighting performs worse than the classical
GCC–CC. This may be attributed to the whitening process, which equally weights all
frequency components, thereby also amplifying the noise components. These results
are in line with the observation of Perez-Lorenzo et al. [58], where the classical GCC–
CC was reported to perform more robustly than the PHAT weighting for scenarios
with correlated noise. Although GMM HIST appears to be more robust, the limiting
factor that is shared by all of the aforementioned methods is that they solely exploit
localization information. However, the most energetic components of speech are
sparsely distributed in the presence of noise [20], thereby only a limited set of spectro-
temporal units will be dominated by the sound-source direction of the speakers.
Thus, as soon as the noise gets more directional, the noise energy is more compactly
associated with a particular sound-source direction. As a result, the most dominant
localization information will at a certain SNR inevitably correspond to the position of
the interfering noise, which in turn reduces the overall speaker-localization accuracy.
This observation corroborates the need for a distinction between speech and noise
sources, especially for scenarios where the interfering noise has strong directional
components. Such a distinction can be realized by using the speech-detection module
described in Sect. 6.1, which effectively combines the localization analysis with a
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Fig. 8 Accuracy of localizing up to four competing speakers in a reverberant room, T60 = 0.36 s,
as a function of the spatial diffuseness of the interfering noise and the signal-to-noise ratio

classification stage for selecting the most-likely speech sources according to (10).
The experimental results shown in Fig. 7 demonstrate that the GMM SDM allows for
a robust localization of up to four competing speakers, where the impact of directional
noise is drastically reduced.

In Fig. 8, the localization performance of the two approaches GCC–PHAT HIST
and GMM SDM is shown as a function of the SNR and the noise diffuseness. It
can be seen that the performance of the PHAT approach systematically decreases
with decreasing SNR, quite notably already at SNRs of 5–10 dB. Furthermore, the
PHAT approach clearly suffers from interfering noise that is less diffuse, but corre-
lated between the left and the right ears. In contrast, the GMM SDM approach that
attempts to separate the contribution of individuals sources on the basis of common
spatial location in combination with employing a speech-detection module achieves
robust localization performance over a wide range of experimental conditions. In
summing up, it can be stated that interfering noise signal with a high degree of
directional components will trigger the correlation-based approaches to localize the
position of the noise components. Therefore, a distinction between speech and noise
signals is required in order to enable a high speaker-localization accuracy in noisy
environments.

7 Conclusions

This chapter presented an overview of binaural approaches to localizing multiple
competing speakers in adverse acoustic scenarios. A fundamental limitation of many
methods is that they assume single-path wave propagation, whereby performance
inevitably decreases in the presence of reverberation and multiple competing sources.
It was demonstrated that it is possible to incorporate the uncertainty of binaural cues
in response to complex acoustic scenarios into a probabilistic model for robust sound-
source localization, thus significantly improving the localization performance in the
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presence of reverberation. To reliably estimate the location of multiple competing
sound sources in reverberant environments, a histogram analysis of short-time local-
ization estimates can substantially reduce the severe effect of reverberation. Further-
more, a comparison between simulated and recorded BRIRs has confirmed that the
presented model produces accurate localization estimates for real-life scenarios and
is able to generalize to an unseen artificial head, for which the system was not trained
for. In general, considering both the impact of reverberation and noise imposes seri-
ous challenges for localization algorithms. A thorough analysis highlighted that in
particular the spatial distribution of the noise field is a very important factor that
strongly influences the performance of correlation-based localization algorithms,
being most detrimental for GCC-based approaches if the interfering noise has a high
degree of correlation between the left- and the right-ear signals. This problem can
be overcome by separating the contribution of individual sound sources by means of
estimating the binary mask. This binary mask can subsequently be used to control
a missing data classifier, which is able to distinguish between sound-source activity
emerging from speech and noise sources. It was shown that this joint analysis of
localization information and source characteristic can be effectively used to achieve
robust sound-source localization in very challenging acoustic scenarios.
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