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Abstract
Beamforming is crucial for hands-free mobile terminals
and voice-enabled automated home environments based
on distant-speech interaction to mitigate causes of system
degradation, e.g., interfering noise sources or competing
speakers. This paper presents an adaptation of the most
common state-of-the-art broadband beamformers to uni-
form circular arrays, such that competing speakers are at-
tenuated sufficiently for distant speech recognition. As a
result, a new beamformer is presented. Finally, the speech
quality of the beamformers’ enhanced signals is evaluated
with different objective speech quality measures and a word
recognizer as a measure for the attenuation of competing
speakers.
Index Terms: array signal processing, beamforming, uni-
form circular array, reverberant environment, double-talk,
distant speech recognition

1. Introduction
In acoustic array signal processing, beamforming takes ad-
vantage of interference to change the directionality of a mi-
crophone array. It provides the ability to enhance acous-
tic signals from a certain direction, the steering direction,
and to eliminate causes of system degradation, e.g., interfer-
ing noise sources, room reverberation, or competing speak-
ers. Beamforming is fundamental for hands-free mobile ter-
minals and robust voice-enabled automated home environ-
ments based on distant speech interaction. The right choice
of the microphone array is as important as the right choice
of the beamformer, which depends on the operating envi-
ronment, e.g., a reverberant conference room. The use of
a uniform circular array (UCA) leads to a directivity pat-
tern stability around the array plane [1], which is a prereq-
uisite for acoustic localization of emitting sources in allaz-
imuthal directions of this plane. In comparison to a uniform
linear array (ULA) a UCA does not exhibit a front-back–
ambiguity.
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Figure 1:The distant speech recognition system (DSR) con-
sists of a K-element UCA, a Multiband-PoPi algorithm (M-
PoPi) for speaker localization, a set of beamformers (BF)
and automatic speech recognition systems (ASR) for each
detected speaker.

This paper presents the application of different broad-
band beamformers with our distant speech recognition sys-
tem (DSR) in reverberant environments and double-talk sce-
narios. We employed the delay-and-sum (DS) [2] and the
minimum power distortionless response beamformer with
diagonal (MPDRDL) and variable (MPDRVL) loading [2],
the robust least squares frequency invariant beamformer
(RLSFI) [3], and the generalized sidelobe canceller (GSC)
[4]. We additionally developed a new, multiple null syn-
thesis robust least squares frequency invariant beamformer
(MNS-RLSFI).

To compare the different beamformer approaches, we
performed real-world experiments using our DSR in a rever-
berant environment, whereas the word recognizer is based
on a simple grammar and a limited dictionary that covers all
words appearing in the CHiME-corpus [5] and audio signals
used in this paper.

2. Distant Speech Recognition System
Fig. 1 depicts the DSR used in this paper. It consists of a
K-element UCA followed by a Multiband-PoPi algorithm
(M-PoPi) [6] for speaker localization, a set ofM beam-
formers and automatic speech recognition systems (ASR)
for each detected speaker with directionφm, whereφ =
(φ1 φ2 ... φm ... φM )T .

The K-element UCA captures the impinging signals
and provides them to the speaker localization algorithm
(SLA) and a set of beamformers of the same type, e.g., a
set of DS. The SLA exhibits a high localization accuracy
and a robust estimation of the number of speakers, cmp. [6].



For the experiments presented in this paper, however, we as-
sume perfect speaker localization, as we evaluate the speech
separation capabilities of the different beamformers. The
number of beamformers depends on the number of deter-
mined speaker directions. Each beamformer enhances the
signal from its steering direction and returns the enhanced
signal in terms of a mono signal.

We measure word error rates (WER) on the enhanced
speech samples with an ASR based on the HTK-Toolkit
[7]. The ASR uses a standard 16 kHz wide-band MFCC
frontend with tied-state triphone acoustic models and a
restricted sentence grammar according to the CHiME in-
put sentence specifications. The system was trained with
TIMIT and WSJ0 data following the guidelines described in
[8], yielding a set of speaker-independent acoustic models.
We perform parameter tuning and MLLR speaker adapta-
tion to every target speaker on clean speech without inter-
ference. The system achieves a WER of 6 % and below on
this clean speech adaptation data set.

3. MNS-RLSFI Beamformer
Our newly introduced MNS-RLSFI is a data-independent
beamformer which enables null-placement in the directions
of competing speakers. It is based on the RLSFI guide-
lines [3] and convex optimization methods that determine
the weighting coefficient vectorw [9]. The beamformer de-
sign constrains the white noise gain (WNG) to be larger than
a lower limitγ. It considers the undistorted signal response
from the steering directionφs and null-placements in dif-
ferent directions as constraints. The beamformer design is
based on least squares computations that approximate a de-
sired response

b̂(f, ϕ) =
N∑

n=1

wn(f)e
−i

2πf
c

r cos(ϕ−φn) (1)

—in vector notation:B̂(f) = G(f)w(f)—numerically
and in the sense of least squares, wheref represents the
frequency,ϕ is a steering direction dependent angle,φn is
the angle of a microphone with indexn, N is the number
of microphones,c is the sound velocity,r is the radius of
the UCA, w(f) = (w1(f), w2(f), ..., wN (f)) is the co-
efficient vector andG(f) is a matrix containingM × N

elements according toGm,n = e−i
2πf
c

r cos(ϕm−φn), where
M is the number of discretized anglesϕ. The beamformer
assumes the same desired response for all frequencies, i.e.
B̂(f) = B̂, and

arg min
w(f)

‖G(f)w(f)− B̂(f)‖22 (2)

subjected to the WNG, the undistorted desired signal
|wT (f)d(f)|2

wH(f)w(f)
≥ γ, wH(f)d(f) = 1, (3)

and the null-placement [10]

wH(f)V(f) = 0, (4)

whered(f) represents the sound capture model [2] of the
desired speaker andV = [v1, v2, ..., vS ] is a matrix consist-
ing of vectorsv that describe the sound capture model of

Figure 2:The directivity pattern of the hybrid beamformer
based on a 24-element UCA with a diameter of 20 cm, a
steering direction ofφs = 0◦, and a competing speaker
direction ofφc = 45◦.

the competing speakers,S is the number of nulls,(·)T is
the transpose and(·)H is the Hermitian-transpose. In this
paper, the MNS-RLSFI is a hybrid beamformer based on
the RLSFI for frequencies below 1 kHz and the implemen-
tation mentioned above for higher frequencies to obtain a
narrower main lobe at lower frequencies. Due to the intro-
duction of the additional constraint its main lobe is broader
than the main lobe of the RLSFI.

Fig. 2 illustrates directivity pattern based on the MNS-
RLSFI and a 24-element UCA with a diameter of 20 cm, a
speaker and steering direction ofφs = 0◦, and a competing
speaker direction ofφc = 45◦.

4. Enhanced-Signal Measures
The use of composite measures enables an estimation of the
quality of the beamformer’s enhanced signal. They may
exhibit a correlation of 90% or higher between objective
measures and subjective quality ratings [11]. The com-
posite measure for signal distortion (C-SIG), the composite
measure for background noise distortion (C-BAK), and the
composite measure for the overall speech quality (C-OVRL)
[11] evaluate signals by determining the differences be-
tween the original and enhanced signal—the beamformer’s
output signal. The higher the ratings of the composite mea-
sures the better the speech quality of the enhanced signal.

5. Experimental Framework
The recording took place in a conference room with di-
mensions6.02 × 5.32 × 3.00 m, a reverberation time of
RT60 ≈ 500 ms, closed windows and doors, and a tem-
perature of20.6◦ regulated by the heating system. The
UCA consists of a wooden octagon plate and features 24
Behringer ECM8000 omni-directional equidistantly spaced
microphones, two different array diameters (0.20 m / 0.55
m), three different numbers of microphones (8, 12, 24)—in
total: 6 different setups—and a height of 1.175 m. The ar-
ray was placed in the middle of the room surrounded by two



Figure 3: Three-dimensional directivity pattern of a UCA-
DS–combination with its lobes outside the array plane for a
certain frequency.

loudspeakers at0◦ and45◦ (side-by-side scenario) and120◦

and300◦ (face-to-face scenario) at a distance of 2 m rela-
tive to the center of the array; both feature a height of 1.30
m. Each microphone including its corresponding channel
was calibrated with a compensation-gain based on RMS-
computations of recorded calibration signals.

The test signals consist of twenty spoken sentences,
where each sentence exhibits the grammar according to the
CHiME input sentence specifications. There is a short break
of two seconds between a sentence. Each record features
two different signals from different directions and different
speakers coloured by the real channel impulse response that
covers the whole transmission path. Both simultaneously
talking speakers use different words at the same time, e.g.,
speaker 1:“bin green in j four now.”, speaker 2:“set white
at w five soon.”

For the evaluation, these signals are played-back by
loudspeakers in a reverberant environment, captured by a
UCA, subsequently filtered by different beamformers, and
evaluated by objective measures and a word recognizer. All
beamformers presume far-field condition due to the assump-
tion of unknown speaker distances.

6. Results & Discussion
Tab. 1 summarizes the evaluations of the beamformers’
enhanced double-talk signals based on synthetic and real
data. The table contains the results of the data-independent
(DI) and data-dependent (DD) beamformers’ WER and im-
provements, and the best ratings of the objective measures
of the beamformers’ enhanced signals. The improvement is
calculated as the difference between the average word error
rate of the nearest microphone recording (WERNM ) and
the word error rate of the beamformers’ enhanced signals
(WERBF ) for a certain setup. The double-talk scenarios
with synthetic data (see Tab. 1(a-b)) exhibit an ideal array
aperture, no deviations in microphone positions, no mis-

matches in microphone and loudspeaker characteristics, no
room impulse response, far-field condition, and a constant
sound velocityc = 343 m/s. The synthetic audio signals
match the audio signals played-back by the loudspeakers
in the real scenarios, except that they feature simulated
far-field wave-propagation, perfect capturing conditions,
and no influence of the loudspeaker characteristics.

The double-talk scenarios with real data (see
Tab. 1(c-d)) exhibit a non-ideal array aperture, devia-
tions in microphone positions, mismatches in microphone
and loudspeaker characteristics—both are calibrated in
gain—, reverberation, and a sound velocity ofc = 343±0.5
m/s.

In case of double-talk with synthetic data and data-
independent beamformers, the WER confirm the data-
independent beamformers’ theoretical behaviour and
highlight the advantage of the new established MNS-
RLSFI—the null-synthesis. It achieves the highest
improvement in the face-to-face and side-by-side scenario
due to the strong attenuation of the direct sound, the
absence of reflections, reverberation, and mismatches. The
enhanced output signals of the MNS-RLSFI exhibit the
best overall quality (C-OVRL). In case of data-dependent
beamformers the GSC—the most complex and CPU-
intensive beamformer in this paper—achieves the highest
improvement in the side-by-side and face-to-face scenario
due to its efficient adaptive blocking matrix and interference
control filter. The suboptimal initial values and small step
sizes in our implementation may be reasons for a lower
improvement in comparison with the MNS-RLSFI. The
enhanced output signals of the GSC exhibit the best overall
quality only in case of the face-to-face scenario.

In case of double-talk with real data and data-
independent beamformers the DS achieves the highest
improvements among the data-independent beamformers
due to the robustness of the DS against mismatches and
deviations, which affect the performance of the RLSFI
and the MNS-RLSFI. The three-dimensional directivity
pattern of a UCA-DS–combination outside the array plane
(0 ≤ θ ≤ π, whereθ represents the elevation), i.e. the di-
rectivity pattern at different elevations, features lobeswith
stronger attenuation than all other beamformers considered
in this paper (see Fig. 3). This leads to a smaller influence
of reflections from the ceiling and the floor and a smaller
WER. The enhanced output signals of the DS achieves the
highest overall quality in the side-by-side and face-to-face
scenario. In case of data-dependent beamformers the GSC
achieves the highest improvement and the best overall
quality in both scenarios. As shown in Tab. 1, the ratings
of the objective measures declare the word recognizer as a
proper tool for speech quality evaluation of signals filtered
by a beamformer in case of double-talk scenarios.

7. Conclusion
Our experiments show that data-independent beamformers
feature a better performance than data-dependent beam-



Table 1:This table summarizes the evaluations of the beamformers’ enhanced double-talk signals based on synthetic (a, b)
and real (c, d) data. The first number in the setup represents the number of microphones, the second the diameter.

Data-Independent BFs Data-Dependent BFs
DS RLSFI MNS-RLSFI MPDRDL MPDRVL GSC
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formers in case of double-talk scenarios in reverberant en-
vironments. Reverb, reflections from the ceiling and the
floor, deviations in microphone and loudspeaker charac-
teristics, and deviations in microphone positions result in
smaller improvements (decrease up to 32%). According
to graphical evaluations of the three-dimensional directiv-
ity pattern of all UCA-beamformer–combinations, reflec-
tions from the floor and the ceiling seem to result in the
biggest contribution to smaller improvements due to the ar-
ray geometry, which introduces lobes with low attenuation
outside the array plane. This makes the UCA in combi-
nation with all beamformers considered in this paper less-
than-ideal. More accurate calibrations may lead to little im-
provements in case of the RLSFI, MNS-RLSFI and MPDR.
The DS is the most robust beamformer which exhibits the
highest improvements in real-data scenarios, whereas the
MNS-RLSFI outperforms all other beamformers in case of
simulated free-field scenarios. Taken together, the UCA is
less-than-ideal in combination with the beamformers used
in this paper, and data-independent beamformers perform
better than data-dependent beamformers in case of double-
talk scenarios in reverberant environments. Further experi-
ments with different array structures are in progress and will
be reported.
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