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for Acoustic Source Localization in
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Abstract—Particle filtering has been shown to be an effective
approach to solving the problem of acoustic source localization in
reverberant environments. In reverberant environment, the direct-
arrival of the single source is accompanied by multiple spurious
arrivals. Multiple-hypothesis model associated with these arrivals
can be used to alleviate the unreliability often attributed to the
acoustic source localization problem. Until recently, this multiple-
hypothesis approach was only applied to bootstrap-based particle
filter schemes. Recently, the extended Kalman particle filter (EPF)
scheme which allows for an improved tracking capability was
proposed for the localization problem. The EPF scheme utilizes a
global extended Kalman filter (EKF) which strongly depends on
prior knowledge of the correct hypotheses. Due to this, the extension
of the multiple-hypothesis model for this scheme is not trivial. In
this paper, the EPF scheme is adapted to the multiple-hypothesis
model to track a single acoustic source in reverberant environments.
Our work is supported by an extensive experimental study using
both simulated data and data recorded in our acoustic lab. Various
algorithms and array constellations were evaluated. The results
demonstrate the superiority of the proposed algorithm in both
tracking and switching scenarios. It is further shown that splitting
the array into several sub-arrays improves the robustness of the
estimated source location.

Index Terms—Acoustic source localization, particle filter, op-
timal importance sampling.

I. INTRODUCTION

T HE physical location of acoustic sources is often re-
quired, directly or indirectly, in many applications such

as camera steering for video conferencing [1], beamforming [2],
and speaker separation [3]. The principal idea of all localization
approaches is to exploit the spatial information of acoustic
sources present in multiple microphone signals by using prior
knowledge of the relative positions of the microphones.

Localization approaches are commonly split into two groups:
single- and dual-step approaches. In single-step approaches the
location of the source is estimated directly from the microphone
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signals. In this paper, we will not elaborate on these approaches.
Extensive overviews can be found instead in, e.g., [4]–[7]. In
dual-step approaches [8]–[11], the time difference of arrival
(TDOA) is estimated for certain microphone pairs in the first
step. Subsequently, the estimated TDOAs are used to perform
the localization in the second step. Dual-step approaches are
typically less computationally demanding than single-step
approaches since the representation of the geometric space by
TDOAs allows for data reduction. Several problems might be
encountered in these approaches. First, TDOA errors which
may be introduced in the first step are propagated to the second
step resulting in an erroneous estimation of the source position.
Second, the nonlinear mapping from TDOA values to location
renders the derivation of a closed-form optimal estimator cum-
bersome. Therefore, suboptimal closed-form estimators were
proposed. These suboptimal estimators exploit the mapping
between the TDOA values and the geometric space by virtue of
intersecting loci [12]–[16].

An important dual-step approach is the Bayesian approach, in
which the source position is described as a stochastic process. It
is convenient to model the dynamics of the source position using
a first-order finite-state discrete-time Markov process. The vari-
ance of the process noise reflects the level of uncertainty in the
source position. Under this model, sudden movements or alter-
nating sources are manifested as high process noise. A recur-
sive optimal Bayesian estimator for a linear state-space model
with Gaussian noises (process and measurement) is given by
the Kalman filter. Unfortunately, this solution is not applicable
to the localization problem due to the nonlinear relation be-
tween the state (position) and the measurements (TDOA es-
timates) [13], [14], [16]. Furthermore, in reverberant environ-
ments, where multiple sound arrivals can occur, and in mul-
tiple speakers scenarios, the posterior probability density func-
tion (pdf) given the measurements can be a multimodal density
rather than Gaussian.

Several alternatives can be found in the literature for ad-
dressing nonlinear problems and/or multimodal posterior
densities. Among these alternatives, the EKF [17], the un-
scented Kalman filter (UKF) [18] and the Gaussian sum filter
(GSF) [19] are widely used. The EKF approximates the nonlin-
earities only up to the first order. The iterated extended Kalman
filter (IEKF) introduced by Jazwinski [20] alleviates this rough
approximation by iterating the update stage of the EKF. Faubel
et al. [21], [22] proposed improvements to the UKF which
mitigate some of its inherent deficiencies. Approximated so-
lutions to the localization problem that are based on the EKF,
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and UKF were proposed by Gannot and Dvorkind [23]. A
solution based on the IEKF was proposed by Klee et al. [24].
The EKF was also applied to the speaker localization problem
by incorporating both audio and visual information [25].

The particle filter (PF) is an alternative Bayesian approach
that performs sequential Monte Carlo (SMC) estimation. In
this approach, no particular model is assigned to the posterior
pdf. The PF supports nonlinear and non-Gaussian state-space
models and hence is suitable for solving the localization
problem. An important attribute of the PF is its ability to incor-
porate a multiple-hypothesis model [26]. In this paper, TDOA
readings were used in the localizer implementation.

Ward and Williamson [27] replaced the TDOA detector by the
more robust steered beamformer (SBF). Rather than calculating
the SBF output for all possible source positions (which neces-
sitates an exhaustive grid search), the SBF is only evaluated
for a relatively small number of candidate positions (the cur-
rent particle set). This method is referred to as the pseudo-like-
lihood approach. In [28], a more general framework was pre-
sented and a comprehensive comparison of the pseudo-likeli-
hood and the multiple-hypothesis approaches was carried out.
Their results show the superiority of the multiple-hypothesis
model combined with a TDOA detector approach.

The basic idea behind the PF is the representation of the pos-
terior pdf as a set of random samples (also known as particles).
One of the core building blocks of the PF is the importance sam-
pling (IS) mechanism by which an auxiliary density function is
used to generate the samples. The choice of the IS density func-
tion has a major influence on the performance and complexity
of the estimator. Bootstrap-based PF approaches use the prior
density as an IS density function. The prior describes the prop-
agation of states in time and is given a priori by the state-space
model. While this approach has practical advantages, no claims
of optimality hold. Furthermore, as this IS function is measure-
ment-independent, it does not allow the filter to adapt to diverse
movement regimes. Lehmann and Williamson [29] replaced the
traditional IS density with an approximated measurement-de-
pendent IS density to allow improved tracking of multiple non-
concurrent speakers. The approximation is based on a SBF com-
puted for low frequencies. Zhong and Hopgood [30] used an al-
ternative approximation to the optimal measurement-dependent
IS density function. This is done by incorporating an EKF into
the PF to form the EPF [31]. Neither measurement-dependent IS
density functions incorporate a multiple-hypothesis model into
the approximation.

The PF was also applied to speaker tracking applications in
related problems. When visual information is available, the PF
can be used to fuse the audio and video detections, yielding a
more robust location estimation [32], [33]. Talantzis et al. used
an additional background PF initialized periodically to improve
robustness against noise and reverberations. The background
PF is used to release the primary PF when it is trapped in a
spurious location. Zhong and Hopgood used the Rao–Black-
wellized particle filter (RBPF) to track multiple, simultaneously
active and time-varying speakers [34]. The multiple sources are
detected and segregated using a binary time–frequency mask.
The speakers, assumed to be slow-paced, are tracked by an EKF.
The association of the tracked speakers to the measurements is

carried out by the RBPF. The RBPF scheme allows for a reduc-
tion in particles in comparison with the conventional PF in es-
timation of the joint parameter space of all unknown variables.
These related problems are beyond the scope of this paper.

In this paper, the problem of tracking a single active acoustic
source is addressed. Two dynamic scenarios are considered,
namely either one moving source or multiple nonconcurrent al-
ternating speakers. We adapt the EPF approach [31], [30] due to
its ability to incorporate measurements into the IS density. The
EPF implementation takes into consideration the multiple-hy-
pothesis model [26], characterizing the sound propagation in
reverberant enclosures. Our proposed localization scheme is
comprised of two steps. The first step is the feature extraction
step in which the received microphone signals are mapped to
location features, e.g., TDOA values, and beamformer output
signals. In the second step, the location features are fused by
the EPF scheme into a source location estimate. The first step is
likely to yield outliers when the global maximum of the detector
output is selected as the feature location. We propose to replace
the global maximum by a set of local maxima constituting the
multiple hypotheses. The EKF is employed in two levels. First,
it is applied to each hypothesis to produce an unambiguous
measurement vector with fewer outliers. Second, a global EKF
is applied to calculate the measurement-dependent IS density.
We show that this approach improves the overall performance
of the localizer. In addition to the ability of the algorithm to
adapt to diverse dynamic scenarios, it is shown to be more
robust to reverberation and noise due to the synergy of the mul-
tiple-hypothesis model and the improved IS density function.

The structure of the paper is as follows. In Section II, local-
ization detectors are discussed and the motivation for the pro-
posed algorithm is presented. In Section III, PF fundamentals
are given and the application of the PF approach to the local-
ization problem is discussed. We present a novel approach to
source localization based on an approximation of the optimal
IS density using the EPF scheme and the multiple-hypothesis
framework. In Section IV, several practical considerations con-
cerning the implementation of the proposed algorithm are dis-
cussed. In Section V, the performance of the proposed algorithm
is evaluated in different scenarios. The evaluation is conducted
using both simulations and data recorded in our acoustic lab. In
Section VI, the paper is summarized and concluded.

II. DETECTORS SURVEY AND MOTIVATION FOR

THE PROPOSED ALGORITHM

In this section, the first localization step, namely the feature
extraction step, is discussed. In the feature extraction step, the
localization detectors map the received microphone signals
to a source location. In this paper, either TDOA- or beam-
former-based detectors are considered. In noisy and reverberant
environments, these detectors might produce erroneous read-
ings. In this section, the inherent limitations of the detectors are
discussed. Once these limitations are known, means to alleviate
them in the second localization step can be derived. These
means will be discussed in the rest of the paper.

Consider an microphone array located in a 3-D space.
In this paper, Cartesian coordinates are used, although spher-
ical coordinates can be used as well. Each microphone location
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is given by for .
We assume a single active source at each time instant . The
current active source is located at .
In the case of alternating sources, can be a noncontinuous
function of time. The th microphone signal, denoted by ,
consists of ambient noise components, directional noise, and a
desired source signal convolved with an acoustic impulse re-
sponse (AIR). The envelope of the AIR can be characterized by
the reverberation time and the direct to reverberation ratio
(DRR). The feature extraction step maps the received micro-
phone signals to the location
feature vector . Given the feature vector, the localizer aims
at estimating the source location . Alternative feature vectors
will be discussed in the sequel.

A. TDOA-Based Detectors

The TDOA-based detectors operate on a single microphone
pair and produces a TDOA estimate of the source. For two di-
mensions, the TDOA value can be mapped to a hyperboloid,
which is the locus of all possible source positions corresponding
to that TDOA. The TDOA is given by

(1)

where is the TDOA between microphone signals for time
instant and microphone pair is the speed of sound, and

are the microphones comprising the pair. The line
that connects the two microphones is referred to as the base-
line and the inter-microphone distance is the base-length. From
array theory, it is known that the mapping from source position
to TDOA values depends on the base-length and the angle of
arrival with respect to the baseline. Increasing the base-length
reduces the position estimation uncertainty for a given TDOA
estimation accuracy. Furthermore, the localization accuracy de-
pends on the orientation of the source with respect to the array.
Broadside constellations are more suitable for localization than
endfire constellations. Finally, the use of orthogonal pairs can
further improve the performance of the location estimation al-
gorithm. A comprehensive discussion on aspects of array design
in the localization context can be found in [35], [36].

There are several approaches for TDOA estimation. In this
paper, the popular generalized cross-correlation (GCC) pre-
sented by Knapp and Carter [8] is used. Specifically, the phase
transform (PHAT) version of the GCC is used since it has been
shown to be more robust to reverberation [37].

The performance of multiple-hypothesis model based local-
ization schemes is dependent to a large extent on the direct-
arrival being one of the local maxima at the TDOA detector
output. If this condition is not met in sufficient number of lo-
cation features, no subsequent processing can be performed by
any particle filtering scheme to estimate the source position. In
high reverberation levels, the reflections are of a diffusive na-
ture and hence may mask the direct-arrival. The direct-arrival to
reverberation ratio can be increased by exploiting the time con-
sistency of the direct-arrival compared to the random time of
arrivals of reflections. We therefore smoothed the cross-power
spectral density (PSD) functions across time by an exponential

weighting prior to the evaluation of the GCC-PHAT to produce
a more robust detector output.

B. Beamformer-Based Detectors

The beamformer-based detector is using multiple (usually
more than two) microphones for a position estimate of the
source. The microphone signals are linearly combined by
steering the array to a certain position. Then the power of the
beamformer output signal is computed to form the steered
response power (SRP). The beamformer power is expected to
attain its maximum value when the array is steered towards the
source position.

Beamformers, generally result in high computational burden,
as they require an exhaustive 3-D grid search. As shown in
[27], using the pseudo-likelihood approach in bootstrap-based
approaches alleviates the grid search. The search-domain of the
pseudo-likelihood approach is confined to the locations deter-
mined by the distribution of the particles. Therefore, the extrac-
tion of multiple location-candidates [26] is inherently limited
with the pseudo-likelihood approach.

In practice, beamforming approaches are typically imple-
mented as follows. First, the fixed beamformer is steered to
all potential source positions using grid-search. Then a few
local maxima of the SRP output are designated as position
candidates. The directivity of the beamformer increases the
probability that one of these candidate peaks will correspond
to the direct-arrival. This probability is presumably higher than
the one obtained by TDOA-based detectors.

C. Motivation for the Proposed Algorithm

Originally, both TDOA and beamformer-based detectors
were designed for free-space scenarios, single source and
spatially white noise environments. Such conditions are rarely
met in room acoustic environments. In highly reverberant and
noisy environments, both alternative detectors are characterized
by highly spurious response masking the direct-arrival. The
direct-arrival and the reflections cannot necessarily be sepa-
rated. Choosing the global maximum for the direct-arrival is
an alternative often taken by traditional localization schemes.
However, if an erroneous choice is made, the source position
estimate will be poor. The multiple-hypothesis model can
alleviate this problem (see, e.g., Vermaak and Blake [26]). In
this approach, rather than choosing the maximal value, several
candidates, corresponding to TDOA or beamformer detector
peaks, are considered. In the proposed scheme determining the
source location is based on these candidate peaks as well as
other building blocks of the PF.

A major benefit of the EPF scheme [31], [30] is its improved
tracking and acquisition capabilities obtained by incorporating
the measurements into the propagation stage of the PF. As
shown in Section III, the incorporation of the multiple-hypoth-
esis model into the EPF scheme is not straightforward. The
objective of the current contribution is therefore to propose an
applicable source localization method that efficiently combines
the benefits of the multiple-hypothesis model and the EPF
scheme.
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III. PROPOSED ALGORITHM

This section starts with a presentation of particle filtering fun-
damentals. A full formulation of particle filtering theory can
be found in [38]–[41]. We proceed by describing the proposed
multiple-hypothesis extended particle filter (MH-EPF) localizer
which combines merits of the multiple-hypothesis model and
the EPF scheme. The structure of the applied algorithm is deter-
mined by the type and number of detectors used in the feature
extraction step. We conclude this section with a derivation of an
efficient approximated variant of the MH-EPF.

A. Particle Filter Preliminaries

Let be a state-vector representing a stochastic
process to be estimated at time instants and let

be a set of all available (causal) measurement
vectors. is the set of all dimensional real-valued vectors.
PF techniques, are Bayesian state-space estimation techniques
aimed at recursively estimating the posterior pdf, ,
also known as the filtering distribution. Given the posterior
pdf, any desired Bayesian state estimation can be derived [e.g.,
maximum a posteriori probability (MAP), and minimum mean
squared error (MMSE)].

The state-space model is defined by the following system:

(2)

(3)

where is the process noise with known pdf
is the measurement noise with known pdf

is the process function defining the time evolution
of the state, and is the measurement equation defining the
mapping from the state-vector to the measurements vector
for specific time instant. The process noise signal is assumed
zero-mean. , where is the
Kronecker delta, denotes expectation, is the process
noise covariance matrix at time instant , and are time
instants. The measurement noise signal is assumed zero-mean
and , where is the measurement
noise covariance matrix for time instant . The vectors and

are mutually independent for all . In our formulation
the noise signals are additive. As a consequence and

represent the prior and the likelihood
probability density functions, respectively.

The basic idea behind the PF is as follows. For time instant
, the posterior pdf is represented by a set of random samples

(event-space samples also known as particles) with corre-
sponding importance weights , where is the
particle index. As the posterior density is unknown, the samples
are obtained using the IS method in which an IS density (also
known as the auxiliary or proposal density) is used to generate
the samples. The IS density has a crucial influence on the perfor-
mance and complexity of the estimation. The PF consists of two
stages: the propagation stage and the update stage. In the prop-
agation stage, the particles obtained by the previous time instant

are propagated to the current time instant according to the
IS density :

(4)

In the update stage the particles weights are updated according
to

(5)

In practice, due to the proportionality, only , a scaled ver-
sion of , is available. The normalized weights are derived
by setting

(6)

The PF usually consists of a resampling stage [39] which pre-
vents the degeneration phenomenon of the particles over time.
Equations (4)–(5) together with the resampling stage are com-
monly referred to as the sequential importance resampling (SIR)
algorithm.

B. State-Space Formulation

In our case the state-vector is the source position and is
given by . The measurement vector consists of either po-
sition or TDOA readings depending on the implemented fea-
ture extraction step. The corresponding process and measure-
ment model equations are defined as follows.

1) Process Equation: The question of what constitutes a suit-
able speaker trajectory model is still open. Determining trajec-
tory models is beyond the scope of this paper and we decided
to stick to well-known models in the literature. The Langevin
model is widely used to model the source dynamics [26]–[28].
However, according to our experiments choosing a random walk
model

(7)

suffices to describe the speaker movement [23]. To simplify the
exposition we further assume that the process noise covariance
matrix is diagonal, i.e.,

(8)

where is a diagonal matrix with the elements in paren-
theses on its main diagonal and where is the variance
of the th dimension. The auxiliary factor is used to ad-
just the process noise variance to adapt to the source dynamics.
The process noise variance reflects the level of uncertainty re-
garding the source movement. The propagation of the state in
time in the PF scheme is determined according to the IS density
variance. Hence, the current level of IS density variance has a
significant effect on the estimation quality. Low values reduce
the estimation error variance but hamper the tracking ability
of fast maneuvering or alternating sources. In bootstrap-based
PF schemes, the IS density is chosen as the prior density and
hence the IS variance is the process noise variance. For this
scheme, adjustment of the process noise variance to the source
dynamics is therefore beneficial and can take place by various
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measures, e.g., the elapsed time from the previous speech ac-
tivity [24] or the level of the importance weights spread. Al-
though these measures are shown in our experiments to be ef-
fective, they require additional mechanisms to alleviate the ef-
fects of miss-detections.

For some applications, a priori knowledge of the speaker dy-
namics can be exploited. Hence, lower variance can be assigned
to dimensions with lower expected source dynamics or higher
sensitivity. For example, in many applications, speakers are not
expected to move in the -dimension. A higher variance (i.e.,
lower sensitivity) can be used for far-field setups in which move-
ment in the radial dimension are not reflected in the detector
output. The EPF-based PF scheme adopted in this work, uses an
improved measurement-dependent IS density which depends on
both the previous state and current measurements and is adapted
online according to the source dynamics. Therefore additional
measures to control the process noise variance are not necessary
and a degenerated time invariant process noise covariance ma-
trix can be used:

(9)

where in this scheme is the initial value for the IS density
variance and is the identity matrix with the
same dimensions as .

Position estimators usually have two main working modes,
namely tracking and acquisition. In the tracking mode, the
estimator has already converged and only relatively small ad-
justments are required; therefore, low process noise variance is
required. When either a discontinuous source position change
occurs or the estimator loses track, the estimator switches to the
acquisition mode and higher variance is preferred. A smooth
transition between modes is obtained by adapting the IS variance.

2) Measurement Equation: The measurement equation is de-
termined according to the number and type of detectors used in
the feature extraction step.

We start with beamformer-based detectors. In this case, the
nonlinear measurement equation in (3) is set according to the
SRP output:

(10)

By splitting the overall array into sub-arrays, a diversity
can be introduced in the measurement vector which is now the
concatenation of all position features:

(11)

where is the source position detected
by the th sub-array. The covariance matrix is block diagonal:

(12)

where is the measurement noise covariance matrix of the
th feature vector

(13)

and is the variance of the th dimension for the th feature
vector.

Next, the case of TDOA-based detector is addressed. The fea-
ture vector is again given by (11), where in this case is
reduced to a scalar:

(14)

To keep the exposition general, vector notation is used for
throughout the paper. denotes the TDOA extracted from
microphone pair , where is the maximum
number of available array pairs. In this case, the nonlinear mea-
surement equation in (3) is set according to (1):

...
(15)

The covariance matrix of the measurement noise vector is
assumed to be diagonal:

(16)

where is the TDOA estimation variance for the th pair.

C. The MH-EPF

The implementation of the PF requires the evaluation of (4)
and (5). The specific structure is determined by the chosen IS
density. In previous bootstrap-based work [26], [28], [42], the
prior , was used as an IS density. For this choice,
the propagation and update stages reduce to

Hence, only the prior and the likelihood are required to imple-
ment the PF. Although simpler, this choice restricts the tracking
and adaptation ability of the estimator in highly dynamic sce-
narios in comparison with the optimal IS density choice.

In [30], the optimal IS density is used rather
than the prior density in the implementation of the PF. For this
choice, the propagation and update stages are given by

(17)

(18)

Direct sampling from the optimal IS function is often not pos-
sible due to nonlinearities and hence it is approximated by an
EKF to form the EPF [31]. This general approach relies on the
assumption of an unambiguous measurement vector which is
not valid in reverberant environments. We propose a different
approach for the evaluation of the optimal IS density function.
According to our approach, the EPF scheme is combined with
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the multiple-hypothesis model [26] to adapt to the ambiguous
nature of the measurement vector.

1) Soft and Hard Decision Frameworks: Due to the lim-
ited reliability of the feature extraction step (as discussed in
Section II), we replace the original feature vector by

(19)

where is the concatenation of all candidates for feature
given by

(20)

is the th candidate of the feature
. It can be either a candidate for the source position as mea-

sured by sub-array or a candidate for the TDOA as measured
by the th microphone pair. is the number of candidate
peaks passing a predefined threshold (adaptively defined with
respect to the global maximum). Therefore, the number of de-
clared peaks varies with the frame and feature indices. To re-
duce the number of spurious peaks, is upper bounded by
a predefined number . The length of the concatenated feature
vector is .

We adopt the multiple-hypothesis model proposed by Ver-
maak and Blake [26]. Let denote the hy-
pothesis that the candidate corresponds to the direct-arrival
and let denote the hypothesis that none of the candidates can
be attributed to the source. The hypothesis is valid in either
highly reverberant environments or non-active speech segments.

In previous work [26], [28], [42], all hypotheses for each
feature were weighted using a soft-decision approach. In the
proposed algorithm, an EKF is integrated into the PF structure.
A method for weighting multiple-hypotheses in the EKF struc-
ture using the soft decision approach was proposed [43]. This
method assumes non-maneuvering targets and necessitates a
validation region used to discriminate between hypotheses.
The existence of such regions cannot be assumed in switching
scenarios. Furthermore, by incorporating all measurements in
a global EKF, spatial relations between measurements can be
exploited to improve robustness against outliers. The resulting
number of hypotheses using the entire measurement vector
grows exponentially with the measurement-vector length and
impose high computational load had soft-decision approach
been selected. For these reasons, we used the following com-
bination of hard-decision and soft-decision approaches. The
procedure is carried out in two levels. In the first level, the
feature level, a hard-decision rule is applied to all available
candidates of a given feature. The most probable hypothesis is
selected according to a weight calculated using a local EKF.
Denote the index of the most probable hypothesis for feature
by . Based on these decisions an unambiguous measurement
vector is constructed:

(21)

In the second level, the feature-vector level, a global EKF is ap-
plied to the unambiguous measurement vector. This global EKF
is used to approximate the desired IS density and to propagate
the particles.

The hard-decision approach is sensitive to erroneous deci-
sions in the selection of the most-probable hypotheses. The soft-
decision approach allows for more flexibility by weighting all
hypotheses but cannot be practically incorporated in all algo-
rithm stages. Hence, the soft-decision approach is utilized only
in the evaluation of the importance weights.

2) The Propagation Stage: In the propagation stage, particles
are drawn from the proposal density . Since
this procedure requires actual drawing of particles, the uncer-
tainties embedded in the concatenated feature vector must be
first resolved. Hence, the soft-decision approach is not appli-
cable and the hard-decision approach must be adopted.

We used the maximum hypothesis importance weight crite-
rion as the hard-decision rule give by

for (22)

where

(23)

is calculated for each candidate in feature . We stress
that the set of particles is independent of and . It is
assumed that this procedure will yield the correct hypotheses
for particles with high importance weights. Particles with low
importance weights might introduce errors in the hard-decision
procedure but their overall contribution to the state estima-
tion is negligible. The calculation of (23) requires the prior

, the likelihood , and the

proposal , all under hypothesis .1

The prior is independent of the features and hence given for
all hypotheses as the process noise pdf:

For simplicity we assume Gaussian distribution

(24)

The likelihood under hypothesis is given as the measure-
ment noise pdf:

(25)

The proposal density cannot be evaluated analytically in our
problem. However, as proposed in [31], it can be approximated

1Note that the calculation involves the current particle set � which is
not yet available. We therefore use instead the particle set �� obtained
by the previous proposal density, i.e., �� � ���� �� � �� � �

� �� ���� �� ��
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for each hypothesis by a Gaussian with the mean and covariance
calculated by an EKF:

(26)

where is the covariance matrix of the proposal density

from the previous time instant, and and are the
mean and covariance matrix of the current approximated pro-
posal density for hypothesis in feature , respectively. Note
that the previous proposal density is independent of indices
and since a decision was already made in the previous step.
The EKF procedure for time instant is depicted schematically
in Algorithm 1. The proposal density is then calculated by

(27)

The evaluation of (23) for each hypothesis is summarized in
Algorithm 2. After hypothesis is chosen according to (22)

and (23) for each feature, the unambiguous measurement vector
can be constructed.

The propagation stage can be concluded now with the appli-
cation of a global EKF:

(28)

where and are the mean and covariance matrix of
the approximated proposal density for the unambiguous mea-
surement vector, respectively. The particles
are now drawn by propagating according

to . The propagation
step for particle is summarized in Algorithm 3.

3) The Update Stage: The update stage is evaluated ac-
cording to (18). The update factor of the importance weight for
feature is derived by the soft-decision approach:

(29)

where

It is assumed that the candidate peaks are independent. The dis-
tribution of is assumed uniform over
the entire feature support and hence

is proportional to the term (23) derived in the propagation step.
It is further assumed that the probability is
uniform.

To conclude the calculation of the update factor the proba-
bility of the hypotheses given the state-vector is
now derived. The probability for hypothesis can be deter-
mined based on voice activity detector (VAD) [44]:

speech present
speech absent

(30)
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where . The VAD scheme in this
mechanism can be implemented by several alternatives such
as the one proposed in [45]. The probability of the remaining
hypotheses is assigned according to

. Several paradigms can be adopted in
assigning the probability of the particular hypotheses. Higher
probabilities can be assigned to more reliable candidates. In
this work no a priori information is assumed, therefore equal
probabilities are assigned. If , the pdf
(29) will tend to be uniform as dictated by the hypothesis.
We assume continues speech in this work and hence no VAD is
incorporated and is set to .

Finally, assuming feature independence, the general update
factor is calculated according to

(31)

The update factor is used to calculate the (non-normalized) im-
portance weights:

The update step for particle is summarized in Algorithm 4.
In highly reverberant environments or high ambient noise,

some (or all) detectors may introduce false features. The pro-
posed derivation increases the robustness of the update factor
against these scenarios. This can be attributed to the following
mechanism. For every faulty detector, the term (23) vanishes and
hence (29) tends to be governed by . The implied
non-informative uniform distribution renders the contribution of
these detectors negligible.

4) Feature Weighting: The main objective for the incorpo-
ration of the more involved EKF is to allow for better adapta-
tion and tracking performance. By applying a global EKF on the
unambiguous feature vector, the inter-relations between loca-
tion features are exploited and increased robustness is obtained.
The probability that the direct-arrival will be excluded from the
list of candidate peaks increases in highly reverberant environ-
ments. As a result, the unambiguous measurement vector
may include outliers. A high outlier rate will result in an er-
roneous proposal estimation, rendering the propagation stage
useless. It is therefore proposed to weight the components of
the unambiguous measurement vector according to the level of
confidence assigned to each component. We suggest using the

update factor (29) as a confidence measure. The weighting is
applied by setting the measurement covariance matrix in-
versely proportional to the update factor:

(32)

where is the covariance matrix of the th
component of the unambiguous measurement vector.

We denote the localizer based on the improved importance
sampling as MH-EPF (following the EPF notation used in [31]).
The proposed algorithm is summarized in Algorithm 5. Note,
that since the application of the EPF requires , the resam-
pled particles inherit the covariance matrices associated with
their originating particles.

D. The Approximated Multiple-Hypothesis Extended Particle
Filter (aMH-EPF) Variant

The proposed algorithm requires the calculation of
local EKFs and global EKFs for each

time instant. Hence, a high computational burden, compared
to the traditional IS-based methods which do not use the EKF,
is imposed. The proposed MH-EPF algorithm can be simpli-
fied by substituting the local EKF by a less computationally
demanding block. The following practical compromises can be
adopted.

The hypothesis weighting can be calculated by substituting
with the likelihood density in

(22) and (29). As a result, the unambiguous measurement vector
is constructed according to the modified hard-decision rule

for (33)

rather than (22). The approximated update stage is simplified to
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The subsequent steps of the propagation stage are unaltered. It
should be noted that the proposal is not replaced by the prior,
since the measurements are still available in the application of
the global EKF. The approximated approach is denoted as aMH-
EPF.

IV. PRACTICAL CONSIDERATIONS

In this section, guidelines for designing the array constella-
tion are given and the excess computational burden with respect
to the bootstrap-based localizer is evaluated.

It is well known that when no interferences are present, only
three sensors are sufficient for estimating the source position
[15]. When the received source signals are distorted by ambient
noise and reverberation, more microphones are required for reli-
able estimation. In the context of multiple-input multiple-output
(MIMO) channels for wireless communication, the tradeoff be-
tween diversity gain and multiplexing gain is well studied [46].
We adopt these terms in the context of localization where we
refer to multiplexing gain as processing gain. The additional
spatial information obtained by the excess microphones can ei-
ther be used to increase the diversity gain or to increase the pro-
cessing gain. The processing gain is increased by using the ex-
cess microphones to improve a single location representation.
Beamformers are able to achieve high processing gain. The di-
versity gain is increased when the excess microphones are used
to form multiple location representations. The diversity scheme
is only effective when the acoustic scene as observed by each de-
tector is different. TDOA-based detectors can be used for maxi-
mizing the diversity gain. Any combination of diversity and pro-
cessing gains can be obtained by introducing sub-arrays.

Beamformers, generally result in a high computational
burden, as they require an exhaustive three-dimensional grid
search. The imposed complexity restricts the use of beam-
formers in real-time applications, even when suboptimal
techniques [47], [48], [27] are used. As discussed in Section II,
Ward and Williamson [27] showed that the grid search can be
alleviated using the pseudo-likelihood approach. The proposed
algorithms, which are based on the multiple-hypothesis model,
necessitate the extraction of multiple location-candidates for
each detector. Inherently, the pseudo-likelihood approach
confines its search-domain to the locations determined by the
distribution of the particles. Hence, it is not likely that this
search mechanism will yield adequate location-candidates for
the application of our scheme.

In most cases, the use of TDOA-based detectors is less
computationally demanding as it involves a one-dimensional
search (e.g., finding the peak of the cross-correlation function).
In reverberant and noisy conditions, the low processing gain
of TDOA-based detectors can be compensated for by the sub-
sequent PF step. Note that the length of the feature vector that
results from the TDOA-based detector is usually larger than
the vector that results from the beamformer detector. However,
the excess computational cost imposed on the MH-EPF is
only marginal. In the remainder of the paper, for the reasons
detailed above, the TDOA-based detector is used. In the sequel,
design rules for improving the effectiveness of this scheme are
detailed.

The effectiveness of a certain TDOA detector in suppressing
interferences is highly dependent on the room-source-array con-
stellation. There is a tradeoff in determining the base-length.
On the one hand, under the free-space model, increasing the
base-length improves the detector location accuracy [35]. On
the other hand, in a reverberant environment, increasing the
base-length increases the dissimilarity between the AIRs ren-
dering the free-space model less adequate. The base-length is
empirically set to the maximum distance that still maintains the
direct-arrival as one of the candidate peaks with high proba-
bility. Due to the limited reliability of these detectors, the di-
rect-arrival is less likely to be the global maximum in compar-
ison with the more robust beamformer detectors. The role of the
PF step is to resolve the uncertainties by exploiting the spatial
consistency between the direct-arrival in the different features
and inconsistencies between strong reflections. It is anticipated
that strong reflections as received by remotely located pairs will
be spatially inconsistent. The direct-arrival, if detected, is al-
ways consistent. In adverse reverberation conditions, the di-
rect-arrival may be absent from the candidate peaks, rendering
the subsequent PF step useless.

The excess computational burden of the proposed methods
with respect to the bootstrap-based localizer is now evaluated.
The implementation of the MH-EPF necessitates for each par-
ticle an additional of approximately
multiplications in the calculation of the hypothesis importance
weight and approximately multi-
plications in the global EKF application. The aMH-EPF variant
spares the excess computational burden attributed to the calcu-
lation of the hypothesis importance weight.

V. PERFORMANCE EVALUATION

Performance evaluation of the proposed algorithm was car-
ried out by a set of experiments in a simulated and in an ac-
tual acoustic environment. In Section V-A, we evaluated the per-
formance of the GCC-PHAT detector for several constellations
using data recorded in our acoustic lab. The beamformer-based
detectors, which require a grid-search were not evaluated. In
Section V-B the proposed algorithm was evaluated for tracking
and switching scenarios using simulated data. In Section V-C,
the proposed algorithm is evaluated for real recordings in dif-
ferent sensor constellations and environments.

A. Evaluation of the GCC-PHAT Detector

To evaluate the GCC-PHAT detector, a set of data collected in
our acoustic lab was used. The effects of the environmental con-
ditions, namely reverberation and noise signals, as well as of the
different room-array-source constellations were evaluated and
several detector attributes were characterized. The suitability of
the detector for localization is quantified using two performance
measures representing the level of correspondence between the
direct-arrival to the global maximum and the local maxima, re-
spectively. These performance measures will be used in the fol-
lowing sections to simulate the effects of the environment con-
ditions on the detector outputs.

1) Experimental Setup: Recordings were performed in an
acoustic room located at Bar Ilan University, Israel, measuring
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Fig. 1. Recording room setup.

6 m 6 m 2.4 m. The room reverberation time can be con-
trolled by using 60 double-sided panels tiled over all six room
facets. Each panel can be independently set to its absorbent side
or to its reflective side. By arranging the panels in different
combinations, an adjustable reverberation time in the range of

s can be obtained. The reverberation time was
measured using maximum length sequence (MLS) played from
a type 4295 Brüel & Kjaer omni-speaker and analyzed by the
WinMLS2004 software, a product of Morset Sound Develop-
ment©. A NIST clean speech recording [49] was played from a
type 4227 Brüel & Kjaer mouth-simulator. It consisted of five
seconds of continuous speech spoken by a male. The room setup
is depicted in Fig. 1. The following scenarios were tested.

• Four room setups with a of 0.17, 0.3, 0.4, and 0.6 s.
• Two linear 10-cm equispaced sub-arrays each with six mi-

crophones. The arrays were positioned at [1.5, 1.5, 1.5] m
and [4.2, 1.5, 1.5] m.

• One source spoken by a male, positioned at [3.6, 1.8, 1.5] m.

In all experiments, the sampling frequency is set to 16 kHz
and the frame length to 128 samples. To eliminate the effects of
the VAD scheme on performance only continuous speech was
used in all the experiments. This evaluation was also carried
out for different source positions and speakers (both male and
female). The results were comparable with the following results
and hence are omitted.

High localization performance can only be obtained if the di-
rect-arrival of the source position is one of the detector candidate
peaks. We use the following performance measures. The first
performance measure is the percentage of detections for which
the global maximum of the detector output corresponds to the
source direct-arrival. The second performance measure is the
percentage of detections for which one of the local maxima can-
didates extracted from the detector output corresponds to the di-
rect-arrival. The first performance measure is stricter and should
be high to enable good performance of traditional localization
techniques which consider only the global maximum of each
detector. As will be shown, the proposed algorithms yield rea-
sonable performance as long as the source direct-arrival is one of
the candidate local maxima (and not necessarily the global max-
imum). To evaluate the two performance measures the “ground-
truth” TDOA corresponding to the true direct-arrival is required.
Measuring this TDOA by physical means (e.g., ruler, laser dis-
tance measure) is a cumbersome task. We therefore used the
following procedure: 1) white noise signal, 5 s long, was played
from the desired speaker position and the air-conditioner was
switched off; 2) the room was set to the lowest reverberation

Fig. 2. Detector output versus expected TDOA for different base-lengths for
the left sub-array. Each interval (indicated by a different background color)
corresponds to a different base-length of 10, 20, 30 cm. The thick blue line
denotes the true TDOA value, green line denotes the detector’s first candidate
(global maximum), red line denotes the detector’s second candidate, cyan line
denotes the detector’s third candidate. (a) ��� � ���� s. (b) ��� � ��� s.
(c) ��� � ��� s. (d) ��� � ��� s.

level ( s); 3) the global maximum of the detector was
declared as the ground-truth TDOA.

2) Evaluation: Fig. 2 illustrates the performance of the
multi-candidate TDOA detector for several base-lengths and
reverberation times. Each subplot corresponds to a different
reverberation time 0.17, 0.3, 0.4, 0.6 s and is divided
into three 5-s (or 625 frames) intervals. Each interval (indi-
cated by different background color) corresponds to a different
base-length of 10, 20, and 30 cm resulting in from pairing
microphone 1 and microphones 2, 3, and 4 of the left sub-array,
respectively. For each interval, the first three local maxima
of the detector output (TDOA candidates) are depicted by
the green, red, and cyan lines, respectively. The true TDOA
value is depicted by the thick blue line. As can be seen, for a
given reverberation time, the detector performance is degraded
as the base-length increases. As argued in Section IV, it is
beneficial to incorporate in the localization scheme micro-
phone pairs forming a long base-length distance provided
that the direct-arrival is maintained as one of the candidate
peaks with high probability. For the shortest base-length,
10 cm, the detector global maximum almost always %
corresponds to the true TDOA value for all reverberation
times. The correspondence between the global maximum and
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Fig. 3. Detector output versus expected TDOA for different base positions.
(a) Left sub-array ��� � ��� s. (b) Left sub-array ��� � ��� s. (c) Right
sub-array ��� � ��� s. (d) Right sub-array ��� � ��� s.

the true TDOA weakens as the base-length increases for the
higher reverberation times % for base-length of 20 cm
and % for base-length of 30 cm). It should be noted that
the correspondence between one of the candidates and the
true TDOA still remains strong % for base-lengths
of up to 20 cm. For base-lengths of 30 cm and longer the
TDOA detector is useless. In high reverberation, due to the
diffusive nature of the sound field, the probability of detecting
the direct-arrival as one of the candidate peaks dramatically
decreases. As discussed in Section II-A, to increase detector
robustness, the cross-PSD functions used for the evaluation of
the GCC-PHAT are smoothed across time by an exponential
weighting. The forgetting factor was set to 0.95. In switching
events the cross-PSD functions consist of a weighted mean of
the two sources and hence the resulting GCC-PHAT output
may have number of competing peaks which are observed as
random values across the TDOA range. The resulting TDOAs
which correspond to the direct-arrival (and also to strong time
consistent reflections) may appear suddenly after the smoothed
cross-PSD have stabilized.

The performance of the multi-candidate TDOA detector for
different source-pair-room constellations was evaluated in a
similar way. To realize different constellations, all six 30 cm
pairs of the two sub-arrays were used. The results are depicted
in Fig. 3. For the left sub-array, none of the pairs gave rise to
reasonable detection for any of the reverberation times. All
three pairs of the right sub-array yielded good detection results
for all tested reverberation times. We therefore conclude that
the base-length and reverberation time are inadequate to char-
acterize the detector’s performance, and that the constellation
is of major importance as well. Note that in the right sub-array
the source is positioned slightly to the right of the normal to the
first pair and slightly to the left of the normal to the second pair.
Hence, the corresponding TDOA values are approximately
0 s. Due to measurement quantization errors, the measured
expected TDOA values coincide.

The output of the GCC-PHAT detector for a certain time
frame is depicted in Fig. 4. This plot corresponds to a rever-
beration level of s. The five strongest local maxima

Fig. 4. GCC-PHAT output. The five strongest local maxima are indicated.

are also indicated. Due to the strong level of reverberation the
direct-arrival peak is only the fifth local maximum. This result
justifies the multiple-hypothesis methodology.

B. Evaluation of MH-EPF and aMH-EPF Using Simulated
Environments

To evaluate and compare the tracking and adaptation perfor-
mance of the proposed algorithms, a set of experiments were
performed. These experiments are presented in this section.

1) Experimental Setup: The following simulated setup was
used. The room dimensions were set to 6 6 3 m. Twelve
omni-directional microphones were arranged in two linear sub-
arrays with orthogonal baselines. Each sub-array is comprised
of six equally spaced microphones with an inter-microphone
distance of 15 cm. The center of mass of the two sub-arrays was
set to [1.5, 1.2, 1.5] m and [4.2, 1.2, 1.5] m, respectively.

Two approaches were used to conduct the experiments. In the
first approach, the microphone signals were generated by con-
volving clean continuous NIST recordings [49] with a simulated
AIR. The AIRs were simulated by the image method [50] effi-
ciently implemented as described in [51].

In the second approach, the detection stage was bypassed.
The location features were directly simulated according to a
predefined source trajectory. As concluded from Section V-A,
multiple peaks were generated to emulate the reverberation ef-
fects. Specifically, the detector outputs were simulated as mul-
tiple peaks with random amplitudes and delays. The delay of the
peak corresponding to the direct-arrival was always correct. Its
amplitude was uniformly distributed in a range corresponding
to the reverberation conditions. As a result, the direct-arrival
peak level could be lower than the level of the other candidates.
Therefore, the direct-arrival could be excluded from the candi-
date peaks.

In both simulation approaches, only intra sub-array features
were used. Hence, the measurement vector is comprised of
30 TDOA values (all available 15 microphone pairs for each
sub-array).

In each localization task two modes can be distinguished. The
first is the acquisition mode in which the localizer tries to “lock”
onto the source position. The second is the tracking mode in
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Fig. 5. Assessment of the incorporation of the multiple-hypothesis in the EPF scheme. (a) MH-EPF with 1 hypothesis in anechoic environment. (b) MH-EPF with
1 hypothesis in reverberant environment. (c) MH-EPF with five hypotheses in reverberant environment.

which the localizer adapts to the already acquired source move-
ment. Therefore, two figures-of-merit are defined for evaluating
the localizer performance. The acquisition time is used to eval-
uate the recovery time of the algorithm from abrupt source po-
sition changes. It is calculated as the time elapsed from the po-
sition change until 80% of the difference from the new position
was reached. The root mean squared error (RMSE) is used to
evaluate the localization accuracy and is computed over time
intervals in which the localization estimator is in steady-state:

(34)

where is the estimator output, is the true source position
at frame , and is the group of frames in which the esti-
mator is in steady-state. In each of the following experiments
the steady-state intervals are chosen differently based on a sub-
jective criterion.

2) Tracking Scenario: For this evaluation we used a tracking
scenario of a single fast maneuvering source in two dimensions.
The source trajectory is split into three stages. First, the source
is moving only at the positive -direction at a constant speed
of 1.5 ms . Second, the source is moving only at the positive

-direction at the same speed. In the last stage the source returns
to the original position by moving in both directions simultane-
ously. In this scenario we used emulated TDOAs as discussed
in Section V-B1.

To assess the advantages of using the multiple-hypothesis
model in the EPF implementation, the number of candidate
peaks was either set to 1 (i.e., only the global maximum is
selected) or 5. Two reverberation conditions were emulated.
The first scenario represents an anechoic environment in which
the true TDOA is always the global maximum of the feature
vector. The second scenario represents a reverberant environ-
ment as follows. For approximately 10% of the frames of each
pair, the direct-arrival corresponds to the global maximum, for
approximately 75% of the frames of each pair the direct-arrival
is a local rather than global maximum, and for the remaining
frames, the direct-arrival is not one of the candidate peaks. As
a result, in each frame, in approximately 20% of the pairs, the
direct-arrival peak was absent from the list of candidate peaks.
One realization of the localization results of the MH-EPF

with 1 hypothesis (global maximum) and with five hypotheses
for two reverberation conditions are depicted in Fig. 5. The
degradation while only using the global maximum is clearly
demonstrated in the reverberant condition. The EKF in the IS
approximation tries to impose spatial constraints on the TDOA
readings. Since the global maximum might represent an outlier,
these constraints becomes invalid, rendering the algorithm
more sensitive to reverberation. Using the multiple-hypothesis
model alleviates this effect. The MH-EPF is less sensitive
to reverberant conditions and only minor degradation of the
RMSE from 0.07 m to 0.1 m is observed. The RMSE was
calculated by averaging 10 realizations of tracking traces after
the localizer converged. In this case, the first 100 time frames
are not considered in the calculation.

Next we compare the performance of bootstrap-based local-
izer [26], and the proposed algorithms for an anechoic environ-
ment. The acquisition and tracking modes of the localizer im-
pose contradictory requirements on the IS variance. In the im-
plementation of the bootstrap-based localizer, the IS density is
the prior and thus the IS variance is the process noise variance.
For this evaluation we used for the bootstrap-based
localizer, which is the minimum process noise variance that still
allows for tracking. In the implementation of the proposed al-
gorithms, the process noise variance is only the initial value of
the IS variance. We set the process noise variance of the pro-
posed algorithms at in all experiments. Note that
the proposed algorithms are capable of adapting their IS den-
sity in accordance with the source dynamics. The localization
results for the MH-EPF, the aMH-EPF and the bootstrap-based
localizers in anechoic environments are depicted in Fig. 6. The
RMSE averaged over ten realizations of the bootstrap-based lo-
calizer is 0.05 m. The RMSE of the MH-EPF and the aMH-EPF
is 0.07 m. Therefore, the additional computational burden of the
MH-EPF is unjustifiable.

Finally, we compare the performance of bootstrap-based lo-
calizer, and the proposed algorithms for reverberant environ-
ment. To evaluate the influence of the process noise variance on
the bootstrap-based localizer, two alternative values are used.
The first alternative allows for minimum RMSE as determined
in the previous experiment. In the second alternative we used

which is the process noise variance that yields an ac-
quisition time that is comparable to the proposed algorithms.
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Fig. 6. Tracking performance results in anechoic environment. (a) MH-EPF. (b) aMH-EPF. (c) Bootstrap-based localizer.

Fig. 7. Tracking performance results of aMH-EPF and bootstrap-based localizer in reverberant conditions. (a) aMH-EPF. (b) Bootstrap-based localizer with
� � ����� �. (c) Bootstrap-based localizer with � � ��� �.

The localization results for the aMH-EPF and the bootstrap-
based localizers (two alternative process noise variance) in re-
verberant environment are depicted in Fig. 7. The RMSE aver-
aged over ten realizations of the bootstrap-based localizer for

and are 0.09 m and 0.20 m, respec-
tively. The RMSE of the aMH-EPF in reverberant condition is
0.13 m which is slightly larger than the RMSE obtained by the
MH-EPF and the bootstrap-based localizer. It is clearly evident
that the acquisition time of the aMH-EPF is comparable to boot-
strap-based localizer with while maintaining lower
RMSE. The flexibility of the proposed methods obtained by the
adaptive IS density and the fact that it is not tailored to a spe-
cific scenario, allows for a better tradeoff between acquisition
time and RMSE. Hence, it is a good choice for intricate sce-
narios such as fast maneuvering speakers.

3) Switching Scenario: In this section, the tradeoff between
acquisition and tracking for the proposed method was evalu-
ated. We evaluated the aMH-EPF in comparison with bootstrap-
based PF scheme. The evaluation was carried out using the fol-
lowing switching scenario. This scenario consists of three dif-
ferent source positions and three switching events. The source
positions are [2, 2, 1.5] m, [5, 2, 1.5] m, [5, 5, 1.5] m. The
switching are performed first in the -direction only, then in
the -direction only and finally in both directions simultane-
ously (return to the first source position). For simplicity, the

-coordinate of all source positions is fixed and therefore the
sub-arrays aperture in this axis is degenerated. In each position,
continuous 2 s long speech is uttered. We used the first simu-

lation approach detailed in Section V-B1; namely, a simulated
AIR [50], [51]. Three noiseless different environmental condi-
tions characterized by 0.2, 0.4, 0.6 s were used. The lo-
calization accuracy is measured by calculating the RMSE over a
number of consecutive frames for each source position, approx-
imately 100 frames after the slowest localizer has converged.
The number of consecutive frames used for the RMSE measure-
ment is different for each source position and varies between
100–250 frames. The acquisition time is measured as defined in
Section V-B1. Note that the acquisition time is comprised of the
delays of both the feature extraction and the PF scheme blocks.
To increase the measurement accuracy, ten-fold higher resolu-
tion is obtained by interpolating the trace. For a fair comparison
between the two localization methods, the process noise vari-
ance of the bootstrap-based method was set to obtain compa-
rable RMSE results to the aMH-EPF. The value was empirically
found to be . Recall that the aMH-EPF is capable
of adapting its IS density variance. Under this setup, the algo-
rithms are solely compared by their respective acquisition time.

The performance of the bootstrap-based localizer and the
aMH-EPF methods for one realization and three reverberation
levels is depicted in Fig. 8. The mean of the RMSE and the
acquisition time, averaged over 50 realizations, are given in
Table I.

As depicted in Table I, the RMSE values of both localizers
are indeed comparable. Note, that for the designated values
and the chosen array constellation, the RMSE results are not
very sensitive to the reverberation level. This can be explained
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Fig. 8. Acquisition performance results for bootstrap-based method and aMH-EPF. Blue line depicts the true source position, green dotted line the bootstrap-based
localizer output and red dotted line the aMH-EPF localizer output. (a) � � ��� s. (b) � � ��� s. (c) � � ��� s.

TABLE I
MEAN RMSE AND ACQUISITION TIME RESULTS FOR BOOTSTRAP-BASED AND AMH-EPF LOCALIZERS

by the results in Section V-A, where it was shown that several
speaker-array-room constellations are less affected by reverber-
ation. Since the RMSE results are mostly affected by the cor-
respondence of the direct-arrival to the candidate peaks, only
minor differences between reverberation level are expected after
the localization process has reached its steady-state. As evident
from the table, the acquisition time of the MH-EPF is faster at
all reverberation levels. Note that only minor differences exist
between the acquisition time of the two methods for the first two
switching events (the aMH-EPF is slightly faster than the boot-
strap-based method). For the third switching event, the differ-
ence is more pronounced. The acquisition time of the aMH-EPF
is approximately 250 ms shorter than that of the bootstrap-based
method. This behavior can be attributed to the more complex
switching event involving transitions in both coordinates.

The simulation performed in this section was repeated for
various number of speaker positions, environmental condi-
tions, and speaker-array-room constellations, exhibiting similar
trends.

C. Evaluation of Localization Using Real Recordings

In this section, real recordings were used to evaluate the
alternative localization schemes using the setup detailed in
Section V-A1. Three reverberation levels, 0.17, 0.3, 0.4 s,
were used for the switching scenario. An air conditioner was
activated for the higher reverberation time. Clean speech
recordings [49] were played from a type 4227 Brüel & Kjaer
mouth-simulator and four Fostex 6301B personal monitor
loudspeakers. It consists of five seconds of non-overlapping
segments of five alternating sources spoken by three males
and two females. The localization algorithm necessitates the
positions of the microphones. This calibration was performed

using the procedure described in Section V-A1 in two stages.
First, the inter-microphone spacings for each sub-array were
determined. Second, the distance between the sub-arrays was
determined.

1) Array Constellation: In this section, the effect of var-
ious array constellations on TDOA-based localization scheme is
evaluated. We used only the aMH-EPF algorithm for this evalu-
ation. Four array constellations were tested: left sub-array only,
right sub-array only, two sub-arrays with intra-microphone pairs
only and two sub-arrays with all available microphone pairs.
The measured reverberation level was s. The local-
ization results for the -coordinate are given in Fig. 9. Due to
the array orientation, the results for the -coordinate are inad-
equate. These data suggest the following conclusions. 1) Not
all sub-array locations are appropriate for all source positions.
For instance, the positions of speakers #4 and #5 are better es-
timated by the left sub-array while the position of speaker #1
is better estimated in the right sub-array. 2) Introducing spatial
diversity is a good practice. In our evaluation the spatial diver-
sity is obtained by using the two spatially apart sub-arrays with
short intra-pair distances. This can be attributed to the inconsis-
tency of the received reflections in the different sub-arrays. 3)
Including long baseline pairs deteriorates the localization per-
formance. This can be attributed to the inability of long base-
line GCC-based detectors to provide reliable TDOA readings in
a reverberant environment as explained in Section II. The third
constellation is advantageous in this scenario since on the one
hand it increases the diversity gain and on the other hand it does
not use microphone pairs with a long baseline.

2) Comparisons of Particle Filter Schemes: Based on the
conclusions of the previous section, we continued with the con-
stellation consisting of two sub-arrays with intra-microphone
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Fig. 9. Localization performance for aMH-EPF for different array constella-
tions. Blue line—the true position, green dotted line—� � ��� s. (a) Left
sub-array. (b) Right sub-array. (c) Two sub-arrays—intra-pairs only. (d) Two
sub-arrays—all pairs.

Fig. 10. Localization performance for two sub-arrays with intra-microphone
pairs only. Blue line—the true position, green dotted line—aMH-EPF, red
dotted line—bootstrap-based localizer. (a) � � ���� s. (b) � � ��� s.

pairs only. The test scenario of the previous section was repeated
for the bootstrap-based localizer and aMH-EPF algorithms.
The results for the tested algorithms are depicted in Fig. 10.
In consistence with Section V-B3, the aMH-EPF estimates
are more accurate and exhibits faster acquisition time than the
bootstrap-based method in both reverberation levels. For high
reverberation, both methods can be locked on spurious peaks. To
enable better performance in high reverberation, an appropriate
constellation should be used, as illustrated in Section V-C1.

VI. SUMMARY

In this paper, a new localization method, based on an approx-
imation of the optimal IS density was proposed. By combining
the EPF with the multiple-hypothesis model, the proposed PF
scheme is able to adapt its IS density (and hence its propaga-
tion step) according to the source dynamics while maintaining
robustness to reverberation.

As observed in the performance evaluation, in addition to the
reverberation level, the distance between microphones and the
room-source-array constellation significantly affects the perfor-
mance of localization schemes. By using remotely positioned
small sub-arrays, a diversity can be introduced in the location
features. The diversity introduced by the localization scheme

is exploited in the PF to suppress the undesired reverberation
effects. Hence, multiple-hypothesis based localization schemes
outperform traditional localization schemes, that consider only
the global maximum of the detector. Proper array design, enables
the use of the non-robust but flexible GCC detectors. These de-
tectors are easily incorporated into the proposed scheme forming
a location estimator with improved tracking and acquisition
performance.
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