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Abstract— This paper addresses the problem of practically
implementing an original sound source localization strategy for
mobile robots applications. The proposed method is based on a
convex optimization solution to beamforming. It allows the sens-
ing of signals within a direction of arrival and frequency domain
of interest while rejecting other data. A precise description of
the acquisition chain is proposed and a careful mathematical
modeling is given in order to bridge the gap between theory and
practical implementation. Simulation results and comparisons
with classical filter-sum beamformer techniques are provided at
the end of the paper to illustrate the performance of the sensor.

Index Terms— Microphone arrays, beamforming, sound-
source localization, mobile robotics.

I. INTRODUCTION

In order to increase the ability of mobile robots to interact
with humans, the need for developing performant auditory
systems is preponderant. The constraint of processing real-
time information relative to a changing and noisy envi-
ronment makes the problem particularly challenging. For
relevant applications, such as voice localization and pro-
cessing for robot navigation in interaction with humans, the
acoustic sensor must be able to localize in real-time sound
sources within a wide frequency domain while rejecting other
signals. In this sense, narrowband methods appear of limited
interest. Considering that two ears enable most animals
to perceive their sound environment accurately, numerous
robotics auditory systems have been designed with only two
microphones. To localize sound sources over a prescribed
frequency band, such systems use the difference in phase
(IPD) and in intensity level (IID) between the two sensors.
The analytical determination of these interaural functions was
proposed in [6] for a biomimetic artificial head modeled as a
sphere. These difference functions are usually derived from
the computation of the head related transfer function (HRTF)
[4] [7], which requires precise measurements in an anechoic
room. As such methods have proved to be highly sensitive to
ambiant noise and changes in the environment, their applica-
tion to mobile robotics turns out to be limited. Though the
search for developing biologically inspired auditory systems
for mobile robots, and especially for humanoids, is very mo-
tivating, it has been so far limited by strong technical issues.
From an engineering point of view, the use of microphone
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Fig. 1.  Experimental Testbed. A 50cm array is being mounted on our
SCOUT mobile robot

arrays, including a larger number of sensors, still offers a
more performant solution. Indeed, it allows to increase the
resolution of the localization procedure and its robustness
with respect to noise. Furthermore, sensor arrays design has
been a long-time research topic in acoustics, and transferring
a part of these techniques to mobile robotics is a promising
way to offer high quality solutions in a near future. A robust
sound source localization system, using a frequency-domain
beamformer with a cubic array of eight microphones was
developed in [13] for mobile robotics applications. On this
base, geometric sound source separation and post-filtering
techniques were proposed to isolate interfering speakers in a
noisy environment [14]. Application of microphone arrays to
talker localization and speech recognition was given in [5]. A
3D speaker tracking system using a multiple model adaptive
estimator based on time delay of arrival was described in [2].
In this sense, we recently proposed a theoretical beamformer
prototyping method for a linear microphone array, in the
frame of our project for auditory system development [1].
The proposed approach is based on a convex optimization
solution to beamforming and allows to make the antenna
listen to a specific direction and select signals within a given
wide frequency band. In this paper, we address the problem
of technically implementing this audio processing method on



our robotics platform. A precise description of the acquisition
chain is proposed and a careful mathematical modeling is
given in order to brigde the gap between theory and prac-
tical implementation. The proposed beamforming method is
recalled in § II. The modeling of the data acquisition system is
described in § III. Finally, simulation results and comparisons
with classical filter-sum beamformer techniques are given in
§IV to illustrate the performance of the method.

II. A BROADBAND ARRAY PATTERN SYNTHESIS USING
CONVEX OPTIMIZATION

a) Generalities: Under slight simplifying assumptions,
the sound pressure field can be considered to be governed by
a wave equation with a propagation speed of ¢ ~ 340m.s !
[3] [10]. One monochromatic solution of interest is the far-
field solution with planar wavefront. In the following, f terms
its temporal frequency and A\ = < its wavelength. No a priori
statistical assumption is made on the informatory wave nor
on the environment noise.

b) Array pattern: In the following, .” terms the
non-Hermitian transpose operator. As shown in Figure 2,
a rectilinear array of N passive omnidirectional nearly
identical microphones is used, in which the i™ sensor
is at location d; on the x-axis of the world frame. All
the microphones are assumed to have the same response
a(0, ¢, f) = a(f), with (6, ¢) the direction of arrival (DOA)
of the incoming wave. Under the far-field assumption, the
global response of the microphone array, or array pattern,
is a function P(6, ¢, f) and can be tuned up to a suitable
design through beamforming [8] [15]. If the array elements
are combined through gains w;(f), then it can be shown that
the horizontal pattern Pgeame(0, f) = P(0, 3, f) is [10]
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where V (6, f)= a(f)(el X disin®  ci%dysinf)T jq the
steering vector and W(f) = (wi(f),...,wn(f))T is the
gains column vector.
c) Filter-sum beamforming for broadband signals:

To make the array sensitive to one spatial DOA 6, along
the whole range of frequencies, one straight strategy is
to compensate the time delays between sensors due to
propagation by selecting the frequency-varying weights

Fig. 2. Linear array in the far-field case

W(f) _ %(eijdlsin%"."eijstineg)T. The
consequent beamformer —henceforth called “classical”—
shows a main lobe uniformly centered on 6y, whose width
increases at low frequencies, see [1] for more details.
More generally, beamforming techniques for broadband
signals associate a separate K ‘"-order FIR to each of the N
microphones. Consequently, the array pattern can be written

as [11]
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where 7 ; = % sin @ terms the time delay from the emitting
source to the 7" microphone due to wave propagation and
{wik, k=1,...,K} are the K" taps of the FIR filter
BF;(z) composing the i channel of the beamformer. Sim-

ilarly to (1), the matrix formulation of this equation is'
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d) A convex optimization framework to the design
of beamformers: Denoting by Pq4(0, f) the desired array
pattern, a synthesis strategy can be stated as the following
optimization problem on the matrix ¥ made of the N x K"
FIR taps:
minimize €
subject to [WTV(9, f) — Pal0, P> <&, V0, ) € OxF, P
where © and F term the sets of DOA and frequencies
over which the minimization is performed. This approach
is inspired from [16], except that the temporal frequency
dimension has been added. Because of the contraints it
involves, (4) is a particular convex optimization problem,
called second-order cone program (SOCP).

III. MODELING OF THE DATA ACQUISITION SYSTEM

This section describes the data acquisition system which
is used for the development and the implementation of the
speaker localization algorithm. The aim is to set up an
exhaustive model taking into account the behavior of each
element. The acquisition chain and the associated notations

are represented in Figure 3.

'® represents the Kronecker product : given two matrices X and Y,
whose respective dimensions are p X g and t X [, the Kronecker product
X ®Y is the matrix Z of dimension pt X gl formed by the pg submatrices
Zi,j = Xi’jY, for (Z,j) (S {1, N ,p} X {1, e ,q}.
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Fig. 3. The data acquisition system

A. Overview of the experimental setup

1) The incoming signal: The human voice is an acoustic
signal which covers a wide frequency domain ranging from
100Hz to 20kHz [3]. Although its exact content varies from
one person to the next, frequencies between 300Hz and
about 3kHz are often considered sufficient to catch its main
features. This is roughly the approximation used in telephone
systems.

2) The microphones: N = 8 “GRAS Type 40PQ” micro-
phones are used to build up the array. They are evenly spaced
at %/\% H>z = 9.66cm. Their frequency responses reach up
to 10kHz. They are selected so that they match to each
other in phase over their bandwidth with a +1° tolerance.
Consequently, they are henceforth assumed identical, with a
common transfer function M (p).

3) The acquisition board: The selected 8-channels “EZ-
Kit Lite” acquisition board from Analog Device is equipped
with 16-bits analog-to-digital converters operating syn-
chronously at a maximum sampling rate of 48kHz. §III
shows the relevance of the choice of the sampling frequency
fe = 24kHz. The audio data are then processed by one
AD21065L DSP. Considering these DSPs characteristics, the
localization algorithm is expected to run at the minimum
frequency of 15Hz.

4) The anti-aliasing filter: Each microphone raw signal
must pass through an anti-aliasing filter before being sampled
by a board converter. The cutoff frequency of this filter
—which must be low enough w.r.t. the Nyquist frequency
fe/2— is fixed to 3kHz, as justified in the next section.
An 8t"-order lowpass elliptic switched-capacitors filter from
Maxim is placed on each channel, whose transfer function is
denoted by AA(p).

5) The beamformer: The data coming from the 8 samplers
are combined so as to make the array sensitive to incoming
waves having prescribed frequencies and DOA. This property
is achieved by associating to each i microphone a K*"-
order digital FIR filter with transfer function BF';(z). The
coefficients of BF'1(2), ..., BF y(z) are determined through
convex optimization, as outlined in §II.

6) The digital filters: The used beamformer synthesis
method enables both spatial filtering and —to a certain
extent— temporal frequencies rejection. However, if too

strong constraints are put on the desired antenna pattern, the
underlying optimization program (4) may get ill-conditioned.
One way to avoid this potential problem is to commit to an
additional filter a part of the temporal filtering. So, identical
digital band-pass filters with [300Hz-3kHz] bandwidth are
placed just before every input to the beamformer. They
are implemented as digital IIR filters with transfer function
G(z), whose passband ripple and stopband attenuation are
specified in §III-B.2. Potential instability problems due to
implementation round-off errors are expected not to occur
since the aforementioned DSP provides a floating-point unit.

7) The output: The beamformer output, denoted by sg(k),
is a digital signal which captures the contents of the incoming
wave along the steered —or listened— direction 6. Its power
is expected to be maximum when 6 and the DOA 6° of the
informatory incoming signal are identical. This assumption
will be shown to hold, enabling source localization by
scanning a whole range of hypothesized 6’s.

B. Mathematical model

Before proceeding to the beamformer implementation,
a further insight must be gained into this formula. This
section thus aims at interpreting the way how (2) is involved
into the behavior of the whole acquisition system depicted
in Figure 3. All the anti-aliasing filters AA(p) and pass-
band digital filters G(z) are assumed identical, which is a
fair hypothesis since G(z) is digital and since switched-
capacitors anti-aliasing filters also have perfectly similar
gain and phase responses. In the sequel, x*(¢) terms the
continous-time counterpart of the digital signal x(k) whose
values are sampled from an analog signal x(t), viz. z*(t)
is equal to the modulation z*(t) = llip, (¢)z(t) of x(t) by the
Dirac comblliz, (t) = >, 6(t — nT¢). The Fourier transforms
—henceforth called “spectra”, though with a slight language
misuse— of x(t) and x*(¢) are respectively termed X (f)
and X*(f), so that X*(f) = T%ZmX(f — 7).

1) Overall input-output relationship: As the beamformer
output s¢(k) is digital while the input signal e(¢) to the ac-
quisition chain is analog, no transfer function can be defined
between e(t) and sj(t). However, for each i channel, the
following relationships can be exhibited from Figure 3:

() = 2 SANA, f~ TE(T - T, )

Sp.i(f) = NUM,(f)X5,(f), (6)

with
ANA;(0, f) = AA(f)M(f)e?>m T (7)
NUM,(f) = BF;(e”™7T)G (eI Te). (8)

Equations (5) and (7) indicate that the spectrum of
xj;(t) is obtained by folding-and-adding the spectrum of
the input signal e(¢) beforehand propagated, aquired by
the microphone and filtered through the anti-aliasing filter.



This confirms that zj ;(¢) cannot be the linear filtering of
e(t). Besides, Equations (6) and (8) are T%—periodic, for
they relate the spectra of sampled signals. Noticing that
NUM;(f) = NUM;(f — 7-), the above equations can be
combined in order to express the spectrum Sj(f) of the
output signal sj(t) from the beamformer as

N
S5 (f) = Ti D> NUM(f -
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which is just the folding-and-adding of the spectrum Sg( 1))
defined by

SE(f) = Pena (0, £)E(f), (10)
with
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Comparing (11) with (2) while taking into account the
equality BF;(e/2™Te) = S, e 927/ (k=DTe Jeads to
the conclusion
SH(f)
E(f)

provided that a(f) is set to
a(f) = H(f) = G(e*T ) AA(HM(f).  (13)

Peua (0, f) =

= Pgeamr(0, f) (12)

2) Interpretation: Let’s first consider the case when
a(f) = 1. The optimization problem (4) is solved on the
set defined by F' x ©. So, the difference between the pattern
Pgeamr = WTV and the desired pattern P is only mini-
mized on this grid, leaving unconstrained all frequencies and
angles out of F'. For instance, the optimization results show
that the array gain gets high for all frequencies upper than
max(F'). However, as indicated in §III-B.1, the spectrum
Sy (f), which ranges over constrained and unconstrained
sets, is the folding-and-adding of Pggamr(0, f)E(f). As
a consequence, the array becomes sensitive to unexpected
frequencies because of the folding of the pattern which lies
in the unconstrained domain.

By Equation (10), the true array response involves Pcyain
which includes the frequency response H(f) of the acquisi-
tion chain. The degrees of freedom (DOF) in H(f) can then
be used to thwart the pattern explosion on the unconstrained
set, thus avoiding the folding effect. First, a lower threshold
can be specified for the absolute value of the stopband
attenuation of AA(f) and G(f). However, because of the
T% periodicity of G(f), the attenuation of H(f) is lesser at
frequencies around f. —see figure 4—, so that spurious peak
values are still likely to occur in Pcgamn. Consequently the
second DOF, which is the sampling frequency, is risen up to

24kHz. Finally, the explosion in the above pattern Pggamr
can be delayed so as to make H(f) reach its maximum
attenuation while Pggamr is low. It suffices to enlarge the
frequency optimization set F' by a bandwidth over which
Pggamr should be close to Py = 0.

0 dB

-100

200

30 kHz

Fig. 4. Bode diagram of M(f), AA(f), G(e?™FTe) and H(f)

As a consequence, the following parameters have been

chosen for the filters (see figure 4 for details):

o AA(f) is given by the Maxim datasheet, that is: 8*"-
order lowpass elliptic filter with 0.4dB bandpass ripple,
82dB stopband rejection, the cutoff frequency f. =
3kH z, and a sharp rolloff with a transition ratio of 1.5.

e G(f) is a IIR bandpass digital elliptic filter, with 1dB
bandpass ripple from 300H z to 3k H z, and 82dB stop-
band rejection.

e Microphones are modeled by a first order filter with
a cutoff frequency of 10kH z, followed by an element
giving a 20d B rejection beyond 20k H z.

IV. RESULTS

In this section, we first compare the patterns obtained
through the optimization program (4) to classical beamform-
ers. The spatial filtering efficiency of the localization proce-
dure based upon such optimized patterns is then discussed.

A. Optimized antenna patterns

Consider that the aim is to listen to the direction 6, = 30°
while keeping a constant main lobe width over the fre-
quency interval f € [300Hz;3kHz|. The sets F' and ©
in (4) are set to F = {300Hz,400Hz,...,3kHz} and
6 ={-90°,—88°,...,490°}. In order to avoid tempo-
ral and spatial aliasing —see §III-B.2—, the desired pat-
tern P, is maintained at zero for each frequency f in
[3kH z; 3.5k H z]. The angular bandwidth and the main lobe
width of Py —which are precisely defined in [l1]— are
respectively set to 6, = 10° and 65 = 24°. The FIR filters
order is N = 50. The problem (4) is solved using the solver
SDPT3 (v3.2) [12] coupled with YALMIP [9], both of
which run under MATLAB. The obtained pattern is drawn



in Figure 5 for each frequency f € F'. Figure 5(a) shows
a pattern obtained through classical filter-sum beamforming.
Its main lobe widens at low frequencies, for the array length
is small compared to the corresponding high wavelengths.
On the contrary, Figure 5(b) shows that the main lobe width
of the optimized pattern remains nearly constant along the
whole range of frequencies. This endows the array with a
better resolution at low frequencies despite its interspacing
is selected so as to respect the spatial Shannon sampling
theorem, which is a contraint coming from high frequencies.
Though oscillations in the main lobe level occur, inducing
an attenuation at low frequencies, spatial filtering remains
efficient.

(b) Optimized Filter-Sum Beamformer

Fig. 5. Antenna pattern for f € F'

B. Localization results

Once the optimization programs are solved for every 6,
a bank of FIR filters is ready to be used so as to steer the
array in any listened direction. A direct method for acoustic
source localization immediately follows. It consists in making
successive hypotheses on the DOA by scanning every 6 in O.
For each assumption, the beamformer’s output energy is com-
puted over a sliding temporal window with fixed width Tgps.
In the sequel, we consider T,s = 10007,. This leads to an
energy map, which is expected to be maximum at the actual
source DOA. In order to evaluate in simulation the perfor-
mances of the optimized beamformer, we recorded on a basic
microphone a male voice signal, presented in Figure 6(a).
This evaluation is needful concerning localization and spatial
focalization aspects. As the classical beamformer requires
time delays which are not integer multiples of the sampling
period, a digital approximation is implemented using FIR
filters. The consequent pattern is similar to Figure 5(a),
though at the expense of some spurious oscillations which
somewhat contort the energy map in Figure 6(b).

0z 0.4 0e 0.s 1 12 1.4 18 18 2

(b) Classical Filter-Sum Beamformer

(c) Optimized Filter-Sum Beamformer

Fig. 6. Normalized energy maps computed with classical and optimized
beamformers over successive sliding temporal windows (one curve per
window)

Figure 6 shows the energy maps computed over successive
temporal windows. Consider first the classical filter-sum
results in Figure 6(b). As human voice power is mainly
located at low frequencies, the classical filter-sum pattern
operates only with its low frequency components, producing
a weak directivity which deteriorates the quality of speaker
localization. Furthermore, this prevents the array to properly
localize two persons speaking close to each other. So, classi-
cal beamforming does not seem to be appropriate for speaker
localization, except in the case of large arrays, involving
numerous microphones. On the other hand, Figure 6(c) shows
that the optimized pattern leads to an efficient localization,
producing energy maps with a nearly constant main lobe.

C. Spatial efficiency

To illustrate the spatial filtering efficiency of the above
localization procedure, we now simulate two sound sources
emitting from two distinct directions. The aim is to focus
the array on the informatory source while rejecting the data
coming from another DOA. In the sequel, we consider that
the source of interest emits two sinusoids with frequencies
300Hz and 3kHz, represented on Figure 7-1, from the
DOA 6;,; = 30°. A second source, considered as noise,
emits 350H z, 550H z, 850H z, 4kH z and 5kH z sinusoids
from the DOA 6,45 = —30°. The microphones perceive



the sum of the multichromatic waves coming from the two
emitting sources. The signal on microphone 1, represented
on Figure 7-2, shows that the incoming information with 30°
DOA is masked by the noise source.

I
2ms 12 ms 22 ms F2ms

Fig. 7. Illustration of the spatial filtering efficiency on temporal plots

Figure 7-3 shows the output signal from a classical filter-
sum beamformer steered to the DOA of the informatory
source. The information captured in e(t) is present, but mod-
ulated by low-frequency signals coming from the secondary
source. In this case, the spatial filtering proves to be uneffi-
cient, as is corroborated by the energy maps on Figure 8 for
the classical and optimized filter-sum beamformers. Clearly,
the high width of the main lobe of the energy map corre-
ponding to the classical beamformer leads to a poor quality
focalization in the listened direction, which is the origin of
the modulation seen on the temporal plots. On the opposite,
a high spatial selectivity can be observed for the energy
maps issued from the localization with the optimized filter-
sum beamformer. The result shown in Figure 7-4 follows, in
which a signal roughly similar to the informatory source can
be recognized despite the presence of a more powerful noise.
A transient state can be noticed lasting about 5ms.

Fig. 8. Normalized energy maps for classical (dotted) and optimized
beamformers
V. CONCLUSION

In this paper, we tried to give a precise description of the
data acquisition chain which constitutes the implementation

scheme of our speaker localization algorithm. The reasoning
involved a careful mathematical modeling of the successive
elements, which allowed to draw a parallel between the
theoretical method and the practical development. Our exper-
imental testbed will be completly operational in a very near
future. The next step will be to complete our analysis with a
large set of experimental tests. Then, the near-field case will
be considered so as to deal with very close speakers. On this
base, it will be possible to specify some important unknown
parameters such as the minimal energy threshold which fires
up the detection of a speaker in the environment of the robot.
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