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Abstract—One of the important tasks of a humanoid-robot
auditory system is speaker localization. It is used for the
construction of the surrounding acoustic scene and as an input for
additional processing methods. Localization is usually required
to operate indoors under high reverberation levels. Recently, an
algorithm for speaker localization under these conditions was
proposed. The algorithm uses a spherical microphone array and
the processing is performed in the spherical harmonics domain,
requiring a relatively large number of microphones to efficiently
cover the entire frequency range of speech. However, the number
of microphones in the auditory system of a humanoid robot is
usually limited. The current paper proposes an improvement of
the previously published algorithm. The improvement aims to
overcome the frequency limitations imposed by the insufficient
number of microphones. The improvement is achieved by using
a novel space-domain distance algorithm that does not requires
the transformation to the spherical harmonics domain, thereby
avoiding the frequency range limitations. A numerical study
shows two important results. The first is that, using the improved
algorithm, the operation frequency range can be significantly
extended. The second important result is related to the fact that
higher frequencies contain more detailed information about the
surrounding sound field. Hence, the additional higher frequencies
lead to improved localization accuracy.

I. I NTRODUCTION
Auditory systems of humanoid robots have gained increased
attention in recent years. These systems typically acquire
the surrounding sound field by means of an array of microphones distributed on the surface of the robot’s head.
One of the fundamental processing objectives of these arrays
is estimation of the direction of arrival (DOA) for speech
sources, which is used in various tasks including sound source
localization [1], spatial filtering [2], and automatic speech
recognition [3]. DOA estimation in humanoid robots is usually
performed indoors under potentially high reverberation levels,
i.e. in a highly coherent environment. Recently, a method
was developed enabling robust speaker localization in such
highly coherent environments [4]. The method uses a spherical
microphone array and the processing is performed in the
spherical harmonics (SH) domain. It utilizes the direct path
dominance (DPD) test in order to select the time-frequency
(TF) bins that contain a major contribution from the direct
sound, therefore significantly reducing the detrimental effect
of the reverberation. In the final stage, the MUltiple SIgnal
Classification (MUSIC) algorithm in the SH domain [5] is

used to construct the spatial spectrum and obtain the DOA
estimates. This method is suitable for humanoid robots because
the head, on which the array is positioned, usually has a
sphere-like shape [6]. However, efficient wide-band processing
in the SH domain requires a relatively large number of microphones. In humanoid robots this number is usually limited,
typically ranging from 2 [7] to, at most, 16 [8]. This reduces
the frequency range that can be used and therefore limits the
estimation performance.
The current paper proposes an improvement to the method
described in [4]. The improvement enables the use of an
extended frequency range when applied to arrays with a
limited number of microphones. The improvement focuses
on the final stages of the algorithm in [4]. First, we show
that the DPD test can operate under the condition of spatial
aliasing. Then, instead of MUSIC in the SH domain, a novel
Space-Domain Distance (SDD) algorithm is utilized for the
construction of the spatial spectrum. In this way, the spatial
aliasing inherent in the transformation to the SH domain is
avoided, removing the frequency range limitations. Increasing
the frequency range offers two potential improvements. The
first is enabling the use of higher frequency components,
which is particularly helpful for signals with high frequency
content. The second is that the higher frequency components
of the field contain more detailed spatial information. Hence,
utilizing higher frequencies is expected to increase the overall
estimation accuracy.
The remainder of the paper is organized as follows. Section
II briefly outlines the method described in [4]. Then, in
Sections III and IV the proposed modification is described
and its performance is evaluated numerically. Finally, Section
V concludes the paper.

II. BACKGROUND
The current section briefly summarizes the state-of-the-art
method for DOA estimation introduced in [4]. The frequency
limitations related to small numbers of microphones are discussed at the end of the section.
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A. DOA estimation with spherical arrays in highly coherent
environments
Consider a sound field produced by a broad-band acoustic
source inside an enclosure. Suppose that the sound field is
sampled by an array of M microphones distributed on the head
surface of a humanoid robot. Denote the time-sampled outputs
from all the microphones by p(t) = [p1 (t) p2 (t) · · · pM (t)]T ,
where (·)T stands for the transpose operator. The microphone
outputs are fed into the algorithm depicted in Fig. 1. The first

Fig. 1.

The third step is the DPD test. This test operates in the
SH domain and enables the selection of the TF bins, (i, ν), in
which the PWD function contains only the direct sound. The
test is based on the decoupling of the frequency and space
dependencies that is an inherent feature of the SH domain.
In order to see this, consider a sound field produced by a
single source inside an enclosure. Assume that the field can be
approximated by S plane waves travelling in directions related
to the direction of the source and the dominant reflections,
while the remaining reflections can be treated as a part of the
additive noise. In this case, the PWD function estimated using
(4) is related to the arrival directions via [4]:
â(i, ν) = Ys(i, ν) + n̂(i, ν),

Flowchart of the algorithm introduced in [4].

(5)

T

step is the short-time Fourier transform (STFT) of the outputs,
which is defined as:
p(i, ν) =

T
−1
X

2π

p(t + iD)w(t)e−j T

tν

,

t=0

i = 0, 1, ..., I − 1, ν = 0, 1, ..., T − 1,

(1)

where i and ν denote the time and frequency indices, respectively, T is the STFT frame length, D is the offset between
adjacent
√ frames, w(t) is an optional window function, and
j = −1.
The second step is based on the following model that relates
the surrounding sound field to the STFTs of the microphone
outputs [6]:
p(i, ν) = V(ν)a(i, ν) + n(i, ν),

(2)

where a(i, ν) = [a0,0 (i, ν) a1,−1 (i, ν) · · · aN,N (i, ν)]T represents the surrounding sound field and holds the spherical
Fourier transform (SFT) [9] coefficients of the plane-wave
density (PWD) function of the field. In (2), the PWD function
of the sound field is assumed to have a limited SH order N .
Assuming that the robot head has a sphere-like shape, the
effective SH order can be expressed as [10] N = dkre, where
d·e denotes the ceiling operator, r is the average head radius,
s
and k = 2πf
T c ν is the wave number, with fs and c denoting
the sampling frequency and the speed of sound, respectively.
Vector n(i, ν) holds the STFT of the additive noise component
present in the measurements. Matrix
2

∗
∗
∗
V(ν) = [v0,0
(ν) v1,−1
(ν) · · · vN,N
(ν)] ∈ CM ×(N +1) , (3)

where (·)∗ denotes the complex-conjugate operator and
vnm (ν) holds the SFT coefficient of the conjugate of the array
steering vector of order n and degree m. In practice, these can
be obtained by measurements [8] or by numerical simulations
[11]. Using the model in (2), the SFT coefficients of the PWD
function are estimated by:
â(i, ν) = V† (ν)p(i, ν),
†

(4)

where (·) denotes the Moore-Penrose pseudo-inverse operator.

where s(i, ν) = [s1 (i, ν) · · · sS (i, ν)] contains the amplitudes of the plane waves at the time frame indexed
by i and the frequency indexed by ν. Vector n̂(i, ν) =
V† (ν)n(i, ν) is the additive noise in the SH domain. Matrix Y = [y(θ0 , φ0 ) · · · y(θS , φS )] has the columns given
by y(θk , φk ) = [Y00 (θk , φk ) Y1−1 (θk , φk ) · · · YNN (θk , φk )]H ,
where {(θk , φk )}Sk=1 describe the elevation θ and the azimuth
φ of the plane-wave arrival directions in the standard spherical
coordinate system [9], Ynm (·, ·) is the spherical harmonic
function, and (·)H is the conjugate-transpose operator. The
selection criterion for the direct-path TF bins utilizes the model
in (5). The criterion is based on the individual covariance
matrix Q̂(i, ν) of each TF bin, which is estimated using the
adjacent bins, as follows:
X
1
â(k, l)âH (k, l),
(6)
Q̂(i, ν) =
|Ai,ν |
(k,l)∈Ai,ν

where Ai,ν = {(k, l) | k = i − K, ..., i, l = ν − L, ..., ν} denotes a small neighbourhood around the TF bin (i, ν) and
|Ai,ν | = (K + 1)(L + 1) is the cardinality of Ai,ν . Note
that the SH-domain steering matrix Y defined in (5) does
not depend on frequency. This implies that if all the TF
bins in the neighbourhood of (i, ν) correspond to a plane
wave travelling in the same direction and if the effect of the
additive noise can be ignored, the rank of Q̂(i, ν) is expected
to be unity. Furthermore, the direction of the plane wave is
expected to correspond to the direct sound, because the direct
sound is expected to arrive before the reflections. Based on
these observations, the direct-path TF bins are determined by
selecting the pairs of (i, ν) with the associated covariance
matrices that have an effective rank of unity. In particular,
the set of direct-path TF bins is determined as:
D = {(i, ν) | σ1 (i, ν)/σ2 (i, ν) ≥ T HR} ,

(7)

where σ1 (i, ν) and σ2 (i, ν) are the largest and second largest
singular values of Q̂(i, ν), respectively, and T HR is a threshold value that determines whether the effective rank of a matrix
is unity. For further details on the DPD test the reader is
referred to [4].
In the final step, the DOAs are estimated in the SH domain
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by applying the MUSIC algorithm to the set of the selected TF
bins D. Again, this algorithm utilizes the fact that in the SH
domain the steering matrix Y does not depend on frequency,
which implies that the covariance matrix of â(i, ν) can be
estimated by averaging over all the bins in D:
1 X
â(i, ν)âH (i, ν).
(8)
Q̂ =
|D|
(i,ν)∈D

The noise subspace is constructed by removing the eigenvector
related to the largest eigenvalue of Q̂. This is based on the
assumption that the direct-path component has the highest
energy. Next, the MUSIC spectrum P (θ, φ) is constructed [12]
and the DOA of the source is estimated by selecting the values
of (θ, φ) corresponding to the peak of the spectrum.
The algorithm described above enables DOA estimation
in a reverberant environment. Its frequency-range limitations
related to the limited number of microphones are discussed in
the following subsection.
B. Frequency-range limitations
The final stage of the algorithm described above requires
reliable estimates of the PWD function a(i, ν). A major factor
that can potentially degrade the quality of these estimates is
spatial aliasing. In order to see this, recall that the ability
to describe a sound field from its samples depends on the
complexity of the sound field and on the spatial sampling
scheme, which is the number and the positioning of the
microphones. The complexity of the sound field on the surface
of a robot’s head can be interpreted as the SH order of the
field. As was mentioned above, the effective SH order of
the field is approximately N = dkre. In order to capture a
sound field of order N using the relatively efficient nearlyuniform sampling scheme [13], one would practically require
at least 1.5(N + 1)2 microphones [10]. Hence, for example, a
medium-size array of 6 microphones and radius 7 cm would
enable the estimation of a(i, ν) only up to the frequency of
800 Hz. This frequency range may be further reduced because
the microphones will not always be distributed in a way that
minimizes the spatial aliasing [11]. This is in contrast to the
available frequency content, which can extend up to 5 kHz
or more, when considering a speech source. This discussion
illustrates the limitation on the frequency range imposed by
an insufficient number of microphones. The following section
presents an approach for overcoming this limitation.
III. T HE PROPOSED APPROACH
In this section, a modification of the above-described algorithm that overcomes the frequency-range limitations is
proposed. The modified algorithm is summarized in Fig. 2,
where the modification is highlighted using the bold blue lines.
The dashed blue line around the DPD test signifies the fact
that a new analysis of this part is presented in the current
paper. The modification focuses on the final stage, where the
set D and the STFTs p(i, ν) are fed into the SDD algorithm to
produce the DOA estimate. The following subsection outlines

Fig. 2.

Flowchart of the proposed algorithm.

the SDD algorithm. The second subsection discusses the effect
of spatial aliasing on the proposed algorithm.
A. SDD algorithm
The SDD algorithm is based on the following measure of
distance between vectors:
min kv1 − αv2 k2
d(v1 , v2 ) =

α

kv1 k2


v2 v2H
1
I−
=
v1
kv1 k2
kv2 k2

2

.

(9)

It can be shown that d(·, ·) is symmetric and measures the
tangent of the angle between the vectors. Using this measure,
the space-domain distance between the measured STFT in a
given direct-path TF bin p(i, ν) and the STFT in the same bin
that would be obtained if the arrival direction was (θ, φ) can
be evaluated as d(p(i, ν), V(i, ν)y(θ, φ)). The minimization
over a scalar α is included to account for the unknown source
amplitude. Using this measure, a spatial spectrum can be
defined that combines the information from all of the directpath TF bins:
−1

X
d (p(i, ν), V(i, ν)y(θ, φ)) . (10)
Z(θ, φ) = 
(i,ν)∈D

Using (10), the DOA estimate can be obtained by performing
a 2D search and selecting the direction that corresponds to the
maximum of Z(θ, φ):
(θ̂, φ̂) = argmax Z(θ, φ).

(11)

(θ,φ)

B. The effect of spatial aliasing
Recall that the motivation for the proposed modification was
to extend the operation frequency range and to exploit the
high SH order information, while avoiding the spatial aliasing
associated with the transformation to the SH domain. For this
purpose, the SDD algorithm has a major advantage. In order to
illustrate this, first define the array order N 0 as the maximum
SH order of the sound field that can be estimated without
aliasing using the array. Next, note that the SH order of the
steering vector y(θ, φ) in (10) can be chosen to incorporate
the desired order information in the estimation process. Denote
this SH order by Ne . Hence, by increasing Ne in (10) beyond
N 0 , it is possible to exploit the high SH order information. At
the same time, the algorithm operates directly on the STFT
vectors in the space domain. Hence, regardless of frequency,
the spatial aliasing associated with the transformation to the
SH domain is avoided.
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In contrast to the SDD algorithm, the DPD test performed
in the third step of the proposed algorithm still requires
estimates of a(i, ν). To analyse the effect of aliasing on the
performance of the DPD test, suppose that the neighbourhood
Ai,ν of the TF bin (i, ν) contains only the direct sound. In
this neighbourhood, the PWD function is given by:
a(k, l) = s0 (k, l)y(θ0 , φ0 ), (k, l) ∈ Ai,ν ,

(12)

where (θ0 , φ0 ) denotes the arrival direction of the direct sound
and s0 (k, l) denotes the source amplitude in the time frame k
and at frequency l. Ignoring the noise, the STFT of the array
output in the same neighbourhood is given by:
p(k, l) = s0 (k, l)V(k, l)y(θ0 , φ0 ), (k, l) ∈ Ai,ν .

(13)

The PWD function is estimated from the measurements using
(4):
ã(k, l) = s0 (k, l)V† (k, l)V(k, l)y(θ0 , φ0 ), (k, l) ∈ Ai,ν .
(14)
Note that, in general, M(k, l) = V† (k, l)V(k, l) is not an
identity matrix. This results in an aliasing error indicated by
the tilde in ã(k, l). Now, assume that within the neighbourhood
Ai,ν the matrix M(k, l) is independent of k and l, i.e.
M(k, l) = M, (k, l) ∈ Ai,ν .

(15)

path and the appropriately delayed and attenuated reflections.
Only the reflections that arrived within the first 50 ms were
summed. The remaining reflections were considered to be
a part of the additive noise component. The delays and the
attenuations were obtained using the image method [14]. The
direct path and each reflection were generated by filtering
the source signal with the appropriate free-field microphone
impulse response. The responses were calculated analytically
[10]. Speech signals from the TIMIT database [15] were
downsampled to 10 kHz and used as the source signals.
Fig. 3 presents an example of DOA estimation. This example is based on the STFTs in the frequency range of
4000 − 4500 Hz. In this frequency range, the effective SH
order of the field is N = 6. This is well beyond the SH
order of the array, which is only N 0 = 1. Hence, the
SH-domain distances {d (ã(i, ν), y(θ0 , φ0 )) | (i, ν) ∈ D} are
relatively large, as demonstrated by the histogram in the
upper-left corner of Fig. 3. Nevertheless, as can be seen
from the histogram in the upper-right corner of Fig. 3, the
distances calculated for the same TF bins in the space domain,
{d (p(i, ν), V(i, ν)y(θ0 , φ0 )) | (i, ν) ∈ D} using Ne = 6, are
considerably lower. This is supported by the relatively small
DOA estimation error of the SDD algorithm, δ = 1◦ , as
compared to the large error, δ = 82◦ , of the SH MUSIC
algorithm performed on the aliased direct-path TF bins.

The implications of this assumption will be discussed shortly.
In this case the following holds:
ã(k, l) = s0 (k, l)My(θ0 , φ0 ).

(16)

Using the result in (15), it is straightforward to show that
the rank of Q̂(i, ν) estimated using the aliased PWD function
in (14) is unity. Hence, in the case where the assumption in
(15) holds, the DPD test is expected to accurately provide the
direct-path TF bins.
In order to analyse the validity of the assumption in (15),
recall that, by definition, for N ≤ N 0 the estimates obtained
using (14) are aliasing-free. In this case, the matrix M(k, l) is
the identity matrix for all (k, l) in the neighbourhood Ai,ν
and the assumption in (15) holds. On the other hand, for
N >> N 0 the matrices M(k, l) differ significantly from the
identity matrix and the validity of the assumption in (15) is
not guaranteed. Nevertheless, as is shown by the simulation
example below, there is a range of N > N 0 for which the
assumption holds with reasonable accuracy, thereby enabling
the use of elevated frequencies.
IV. S IMULATION EXAMPLE
In this section, we present the results of a numerical
performance analysis of the proposed algorithm. The analysis
was based on an array of 6 microphones distributed nearlyuniformly [13] on the surface of a rigid sphere. The radius
of the sphere was 7 cm. The array was assumed to be
positioned inside an enclosure with the dimensions 6 × 6 × 4
meters with the walls having reflection coefficients of 0.85.
Microphone outputs were simulated by summing up the direct

Fig. 3. An example of DOA estimation results for N > N 0 : left column
- histogram of the SH-domain distances and the SH MUSIC spectrum, right
column - histogram of the space-domain distances and the SDD spectrum.
Error δ is defined as the angle between the true and the estimated direction.

The performance of the proposed algorithm was assessed
by calculating the standard deviation of the angle between
the estimated and true arrival directions, δ, as a function of
frequency and the SH order Ne used for the estimation. The
results are compared to the performance of the SH MUSIC
algorithm. The DPD test in both algorithms used the PWD
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function of an order equal to the array order N 0 = 1. The
dimensions of the TF neighbourhood in (6) were 2 × 2. The
value of T HR in (7) was chosen such that 1.5% of all TF bins
were recognized as the direct-path TF bins. The power of the
additive noise was selected such that the wide-band signal to
noise ratio was 20 dB.

Fig. 4. DOA estimation performance of the MUSIC and SDD algorithms as
a function of frequency and the SH order.

It can be seen that the MUSIC algorithm performs well at
low frequencies, where the field is relatively simple and can be
effectively described by the first SH order. The performance
degrades at higher frequencies, as expected. Regarding the performance of the SDD algorithm, two important observations
can be made. The first is that at low frequencies, the SDD
algorithm performs similarly to the MUSIC algorithm. However, at higher frequencies, when the high order information
is incorporated by choosing Ne = 3 and Ne = 7, the SDD
algorithm significantly outperforms the MUSIC algorithm. The
second observation is that the error of the SDD algorithm at
high frequencies is about 1◦ . This is significantly lower than
the error of the MUSIC algorithm at low frequencies, which
is about 6◦ . This is believed to be due to the more detailed
information that is available at higher frequencies.
V. C ONCLUSION
In the current paper, a speaker localization algorithm is
proposed that can be used by humanoid robots in highly
reverberant environments. This is an improved version of the
algorithm introduced previously [4]. The improved algorithm
aims to extend the operation frequency range when applied
to arrays with a limited number of microphones. The results
of the numerical simulation showed that the proposed algorithm can significantly extend the operation frequency range
and improve the localization performance. Future work may
include an extension of the algorithm to account for multiple
sources and a more thorough investigation of the localization
performance.
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