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ABSTRACT
Speaker localization is one of the most prevalent problems in speech
processing. Despite significant efforts in the last decades, high reverberation level still limits the performance of localization algorithms. Furthermore, using conventional localization methods, the
information that can be extracted from dual microphone measurements is restricted to the time difference of arrival (TDOA). Under far-field regime, this is equivalent to either azimuth or elevation
angles estimation. Full description of speaker’s coordinates necessitates several microphones. In this contribution we tackle these
two limitations by taking a manifold learning perspective for system identification. We present a training-based algorithm, motivated by the concept of diffusion maps, that aims at recovering the
fundamental controlling parameters driving the measurements. This
approach turns out to be more robust to reverberation, and capable
of recovering the speech source location using merely two microphones signals.
Index Terms— acoustic source localization, manifold learning,
diffusion kernel, relative transfer function.
1. INTRODUCTION AND MOTIVATION
The problem of source localization has drawn the attention of many
researchers during the last decades. Many contributions adopt a
dual-stage approach. In the first stage, the TDOA is estimated based
on microphone pairs [1]. In the second stage, TDOA readings from
several microphone pairs are combined to localize the speaker. Traditional methods are incapable of fully localizing the coordinates of
a speaker from a single microphone pair measurements. Of special
interest are TDOA estimation methods which are based on blind
channel identification techniques [2, 3]. In this family of methods,
a main peak of the identified acoustic path is taken as the TDOA
estimate. One fundamental disadvantage of the traditional methods
is a severe performance degradation in reverberant environments.
Due to the reverberation phenomenon, most TDOA estimators exhibit multiple-peak output corresponding to the direct arrival and
secondary arrivals. In low direct to reverberant ratio (DRR) conditions, it is usually not guaranteed that the highest peak corresponds
to the direct arrival.
Talmon et al. [4] introduced a method based on manifold learning paradigm, and in particular diffusion kernels. The main essence
of this approach, compared with traditional system identification
methods, is that it aims at specifying the fundamental controlling
parameters of the acoustic impulse response (AIR). Rather then fitting the identified system to a predefined model, the new approach
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inspects the underlying, latent, parameters of the system through a
training set, given in advance. Since, assumably, the position of the
source is the only varying degree-of-freedom of the system at hand,
this process is capable of recovering the unknown source location.
The key point of the algorithm is to use an appropriate diffusion
kernel with a specifically-tailored distance measure, that is capable
of finding the underlying independent parameters, dominating the
system. Talmon et al. [5] have applied this method to a single microphone system with a white Gaussian noise (WGN) input. In this
setting, the differences between the AIRs are attributed only to the
source location, since the input signal is assumed to be stationary.
In the current contribution we adopt this paradigm and adapt it
to a more realistic setting where the source is a speech signal rather
than a WGN signal in the original contribution. The power spectral
density of the speech signal is non-flat (as well as non-stationary).
Hence, the spectral variations may blur the variations attributed to
the different possible locations of the source.
In order to mitigate this problem, we conduct two major
changes in the algorithm presented in [5]: 1) a second microphone
is added and 2) the feature vector, that was originally based on the
correlation function is replaced by power spectral density (PSD)based vector. Accordingly, the relative transfer function (RTF) relating the microphone pair, consists of only the relevant information
for generating a diffusion kernel (and the irrelevant source PSD is
cancelled out). This is the key point in revealing the source location
accurately when the input is a speech signal.
In addition, whereas in the traditional method only the TDOA
can be revealed using two microphones, the proposed method is
able to discover the exact location. Our algorithm recovers the underling parameters which control the system, therefore is not limited to one dimension only, but rather to the real dimensions of the
system. In the experimental part we demonstrate this property by
extracting both the azimuth and elevation angles, while the radius
remains constant. 2-D sound localization, in the binaural hearing
context, was presented in [6].
2. PROBLEM FORMULATION
A source is located in a reverberant enclosure and its speech is
picked up by a microphone pair. The goal of the proposed algorithm
is to localize the speaker from the measured microphone signals.
Consider a set of M (unknown) source locations, θ i =
[φi , θi , ρi ]; i = 1, . . . , M . φi and θi are the azimuth and elevation angles and ρi is the distance of a source at the ith location,
measured with respect to one of the microphones. Let hθ,ki (n),
k = {1, 2} denote the AIR relating the source at location θ i and

2013 IEEE Workshop on Applications of Signal Processing to Audio and Acoustics

microphone k. It will be shown in Sec. 3 that the algorithm is capable of localizing several nonconcurrent speakers. For the single
source case we can assume M = 1.
The AIR fully characterizes the acoustic scenario. We will
show that for a fixed acoustic environment (i.e. room characteristics and microphone constellation are unchanged during the experiments), the only degrees-of-freedom controlling the AIRs are the
source coordinates.
The received microphone signals are given by:
yki (n) = hθ,ki (n) ∗ xi (n)

(1)

where xi (n) and yki (n) are the input and output signals, respectively, corresponding to a test set of M unknown parameters Θ =
{θ 1 , . . . , θ M } ⊂ Rd , specifying M locations of the sources. Let
d be the dimension of the parameter vector, where, d = 3 in the
aforementioned 3-D case, but as detailed in the experimental study
in Sec. 4, it can be also set to d = 1 or d = 2, depending on the
scenario.
According to the supervised learning paradigm, we wish to recover these test parameters using only the microphone (measured)
signals and a training set that is available beforehand. As a training data we use labeled microphone signals produced by a source
at a set of m predefined locations Θ̄ = {θ̄ 1 , . . . , θ̄ m } ⊂ Rd . In
order to generate the training set, we play from each location in Θ̄
an arbitrary WGN signal of a finite length, and record the received
signals in the microphone pair:
ȳki (n) = hθ̄,ki (n) ∗ xi (n).

(2)

For each location in the training set, we collect L additional measurements, originating from slightly perturbed locations in the
vicinity of Θ̄. Let {θ ij }L
j=1 denote the small perturbations of θ̄ i ,
L
and {xij (n), ykij (n)}j=1 denote the corresponding input and output signals, associated with this parameter. It is important to emphasize that the input signal for the training set is a WGN, while
our goal is to localize a speech source. The flat frequency content
of a WGN signal makes it a better training signal, due to its ability
to fully excite the frequency response of the AIR.
3. THE PROPOSED ALGORITHM
We propose a parameter inference method that extracts only the information relevant for location estimation and is indifferent to other
nuisance factors.
3.1. The Feature Vector
In the first stage of the proposed algorithm a feature vector is extracted from the received data. Talmon et al. [5] selected a feature vector comprised of several lags of the auto-correlation function of the received signals, cyi (τ ) = hθi (τ ) ∗ hθi (−τ ) ∗ cxi (τ ).
While this is a reasonable choice for a WGN input, since its correlation function is cxi (τ ) = δ(τ ), using this feature with an arbitrary speech input, will mask the desired controlling parameters,
namely the source location, due to the spectral changes of the input signal. Hence, we propose to replace the auto-correlation by
the cross-PSD (CPSD), utilizing the recordings from both microphones. Using the CPSD, the RTF relating the two microphones
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can be straightforwardly estimated:
Ty1i y2i (eiωr ) =
=

Sy1i y2i (eiωr )
Sy2i y2i (eiωr )

Sxi xi (eiωr )Hθ1i (eiωr )Hθ∗2i (eiωr )
Hθ1i (eiωr )
=
iω
iω
2
r
r
Sxi xi (e )|Hθ2i (e )|
Hθ2i (eiωr )

(3)

where Sy1i y2i (eiωr ) is the CPSD between y1i (n) and y2i (n),
Sy2i y2i (eiωr ) is the PSD of y2i (n) and Sxi xi (eiωr ) is the PSD
of the source located at θ i , Hθ1i (eiωr ) and Hθ2i (eiωr ) are the
acoustic transfer functions (ATFs) of the respective AIRs, and ωr =
2πr
; r = 0, . . . , D − 1 denotes a discrete frequency index.
D
Note, that since the speech PSD is cancelled out, the RTFs
solely depend on the characteristics of the AIRs. Let Ti ⊂ RD
denote the RTF feature vector of the test set {y1i (n), y2i (n)}. It
D−1
is comprised of D frequency bins of the RTF {Ty1i y2i (eiωr )}r=0
.
D
Respectively, Ti ⊂ R denotes the RTF feature vector of the training set {ȳ1i (n), ȳ2i (n)}.
The vectors {Tij }L
j=1 of the perturbed measurements, can be
viewed as a cloud of points around Ti in RD , and can be therefore
utilized to estimate the local covariance matrix of Ti :
Σ̂i =

L
1X
Ti TTi .
L j=1 j j

(4)

This covariance matrix is a key point in recovering the inherent
structure of the data, as it uses relationships in the parametric space
to infer meaningful distances in the observable space. It will be the
basis for defining an appropriate Mahalanobis distance used for constructing the diffusion kernel in the sequel. This covariance matrix
estimates a local Jacobian-based metric distortion of the transformation that maps the parameter space (location parameters in our
case) into the observable space (RTF values estimated from measured microphone signals). The reader is referred to [7] for more
details.
3.2. Training Stage
An affinity matrix W between the m training samples in Θ̄ can be
defined for the selected feature vector. This matrix constitutes the
diffusion kernel. As proposed in [7, 8], the klth element of matrix
W is calculated according to:
(
)
(Tk − Tl )T [Σ̂k + Σ̂l ]−1 (Tk − Tl )
π
Wkl =
exp −
dkl
ε
(5)
where ε is the kernel scaling factor that conveys a tradeoff between
integration of large number of samples (large scale), and locality
(small scale), and dkl is the following normalization factor:
s 


Tk + Tl
dkl = det Cov
.
(6)
2
m−1
Next {λj }m−1
j=0 and {ϕj }j=1 the eigenvalues and the eigenvectors of the affinity matrix W are calculated. Choosing the principal
eigenvectors, as suggested in [9], provides the basis for the representation of the data in terms of its independent controlling parameters. In our constellation, these vectors correspond to the desired
location coordinates of the source. In most cases, the dominant vectors are attached to the largest eigenvalues. We reasonably assume
that this principle holds here as well.
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3.3. Test Stage
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4. EXPERIMENTAL RESULTS

Given a new set of M observations taken from new unknown locations, we construct an asymmetric affinity matrix between the feature vectors of the entire set (i.e. both the training and the test) and
the training set:
(
)
−1
(Tk − Tl )T Σ̂l (Tk − Tl )
Akl = exp −
.
(7)
ε
1

This asymmetric kernel is normalized to Ã = AS− 2 ,where S is
the diagonal matrix S = diag{AT A1} with 1 a vector of all ’1’s.
The normalized matrix satisfies W = ÃT Ã. Therefore, both the
right singular-vectors of Ã and the eigenvectors of W are identical.
In addition, we can represent the left-singular vectors ψ j of Ã as a
weighted interpolation of the eigenvectors of W, by:
1
ψ j = √ Ãϕj .
λj

(8)

Eventually, assisted by these relations, we reconstruct an embedding of the measurements onto the space spanned by the d leftsingular vectors in correspondence with the dimensions of the parameter space:
h
iT
(i)
(i)
Ψ : Ti 7→ ψ 1 , . . . , ψ d
.
(9)
(i)

where ψ 1 denotes the ith entry of the vector ψ 1 . In order to estimate the original location parameters, which are presumably responsible for generating the test data, we interpolate the training
locations according to distances in the embedded space:
X
γj (Ti )θ̄ j .
(10)
θ̂ i =
Tj ∈Ni

where Ni consists of the k nearest training measurements Tj of Ti ,
in the embedded space. The interpolation coefficients are given by:

exp −kΨ(Ti ) − Ψ(Tj )k2 /εγj

γj (Ti ) = P
(11)
exp −kΨ(Ti ) − Ψ(Ts )k2 /εγs
Ts ∈Ni

where εγj is the local variance in a neighborhood around Ψ(Tj ).
Accordingly, the normalized estimation error is defined by:
θ i − θ̂ i
e(Ti ) =

kθ i k

.

Hence, the root mean square error (RMSE) is given by:
v
u
M
u 1 X
RMSE = t
e2 (Ti ).
M i=1

(12)

In this section we examine the capability of the proposed algorithm
to recover the location of an acoustic source, through a MATLAB
simulation. The performance of the algorithm is inspected in both
2-D (azimuth and elevation) and 1-D (only azimuth) settings. In
some scenarios, e.g. meeting rooms or cars, it can be assumed that
the speaker location is confined to a predefined area.
4.1. Two-Dimensional Case
In the first experiment we demonstrate the applicability of the proposed algorithm to localize a source in a two-dimensional problem,
where both the azimuth and the elevation angles are unknown. We
test the ability of the presented method to organize the recordings
according to these two angles. For generating the data, we use the
image method [10]1 . Room dimensions are set to [6, 5, 3.5] m,
and the two microphones are located at r1 = [3, 3, 1] m and
r2 = [3.2, 3, 1] m, respectively. The reverberation time of the room
is set to T60 = 0.3 sec, emulating moderate reverberation conditions.
First, we generate m = 481 training samples located on
a sector of a sphere around the first microphone. This sphere
has a fixed radius of 1 m, while the azimuth angle ranges between [π/16, 2π/16] rad and the elevation angle ranges between
[7π/16, π/2] rad. We generate the AIRs h̄θ,ki (n) in accordance
with each parameter combination. As an input in the training stage
we generate an arbitrary WGN 3 sec long signal with sampling rate
8000 Hz and convolve it with h̄θ,ki (n) to obtain the measured signals ȳki (n). For each location, we create an additional L = 20
measurements with low variance Gaussian location perturbations.
Next, we simulate another set of M = 480 samples from other
locations in the designated range, constituting the test set for examining the performance of the proposed algorithm. In order to generate the test set, we play from each location a different 3 sec long
speech signal. Each signal is convolved with hθ,ki (n), resulting in
the output signals yki (n) as received by the microphones. For each
measurement we estimate the RTF according to Welch’s averaged
periodogram method with an Hamming window of length 256, 50%
overlap between adjacent sections, and D = 256 frequency bins.
The embedding of the parameters of only the training set and
the entire set, is shown in Fig. 1. The coloring of the points according to the true values of the angles indicates that the embedding captures the independent controlling parameters, as the coloring scheme is maintained. Re-parameterization of the test set yields
a mean error of RMSE = 0.0079 rad.
Note that conventional localization methods that use two microphones are incapable of localizing a source in the two-dimensional
case, but merely the TDOA value.

(13)

3.4. Gaussian Mixture Model (GMM) Interpretation
The Gaussian kernel and the extension scheme can be interpreted
as an implicit GMM. At the training stage, each training sample
defines a local Gaussian surrounding it, i.e., Tl = N (Tl , Σ̂l ). Accordingly, in the test stage, the Gaussian kernel based on the Mahalanobis distance in (7) represents the probability of each test sample
Tk to be associated with the local Gaussian represented by the training sample Tl . Thus, we can redefine (7) as Akl = Pr(Tk |Tk ∼
Tl ).

4.2. One-Dimensional Case
In the second experiment we check the ability to recover the azimuth angle, while the elevation angle is fixed to π/2 rad. The
results of the proposed algorithm are compared with the classical
generalized cross-correlation (GCC)-maximum likelihood (ML) algorithm [1], for different reverberation times. The room setup is
slightly changed to make the reverberation influence more noticeable. Accordingly, the distance between the speaker and the mi1 We used an efficient implementation provided by E.A.P. Habets at
http://home.tiscali.nl/ehabets/rir generator.html
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5. CONCLUSIONS
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A novel approach for the well-studied problem of source localization was presented. The proposed approach utilizes state-of-the-art
manifold learning techniques and extends previous results to work
with speech signals by utilizing two microphones. In the proposed
algorithm, we first define a feature vector comprised of spectral bins
of the RTF relating the two microphones. This feature embodies
the independent parameters that control our system and cancel out
the effect of the varying PSD of the speech signal. Given this feature vector, we construct a diffusion kernel and show that its eigenvectors form the basis for spanning the location coordinates in the
parametric space. In fact, the training data, which are given beforehand, have a major role in establishing meaningful relations between distances in the parametric space and in the observable space.
Experimental results demonstrate the efficacy of the algorithm, especially in reverberant environments, compared with the classical
GCC method. Moreover, the algorithm can reveal both azimuth
and elevation angles using merely a microphone pair, an impossible
task with traditional methods. The encouraging results might pave
the road to solving more realistic scenarios in which the training
and test conditions are acoustically different.
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Figure 1: Scatter plot of the embedding of the training and test sets.
Training samples only in (a),(b) and the entire training and test sets
in (c),(d). Color coding according to the values of the elevation
angle in (a),(c) and the azimuth angle in (b),(d).
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Figure 2: The Anomaly percentage and the RMSE as a function of
the reverberation time for GCC and the kernel-based algorithms.

crophones is enlarged by 1 m, and the room dimensions are set to
[6, 5, 3] m. For each reverberation time, we simulate 256 samples in
the range [π/16, 4π/16] rad, out of which 50% are treated as a test
set, while the rest defines the training set. The sampling rate used
for the GCC is set to 44100 Hz, however, for the kernel-based algorithm the rate is maintained at 8000 Hz to reduce the computational
complexity. The results of both algorithms, are shown in Fig. 2. In
Fig. 2(a), we show the anomaly percentage, defined as the percentage of experiments for which the algorithms exceed a pre-defined
error threshold, set to 10%. No anomaly was detected for the proposed algorithm. In Fig. 2(b), the RMSE of estimates within the
anomaly threshold is presented. It is clearly seen that the proposed
algorithm outperforms the GCC method in both figures-of-merit.
In high reverberation, the GCC is incapable of distinguishing between the direct arrival and the reflections. A misidentification of
the direct path, may result in a large estimation error. The proposed
algorithm is more robust to reverberation, since the variations in the
entire RTF are taken in account.
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