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Abstract
This paper investigates the use of microphone arrays in hands-
free speaker recognition systems. Hands-free operation is
preferable in many potential speaker recognition applications,
however obtaining acceptable performance with a single distant
microphone is problematic in real noise conditions. A possible
solution to this problem is the use of microphone arrays, which
have the capacity to enhance a signal based purely on knowl-
edge of its direction of arrival. The use of microphone arrays
for improving the robustness of speech recognition systems has
been studied in recent times, however little research has been
conducted in the area of speaker recognition. This paper dis-
cusses the application of microphone arrays to speaker recogni-
tion applications, and presents an experimental evaluation of a
hands-free speaker verification application in noisy conditions.

1. Introduction
Currently, research is being undertaken to improve the robust-
ness of speech and speaker recognition systems to real noise
environments. In an effort to improve robustness and ease-of-
use, microphone arrays have been investigated for their ability
to reduce input noise, and also because they remove the burden
of a close-talking microphone from the user. While the use of
microphone arrays for speech recognition applications has been
investigated for some time, to date, speaker recognition has not
received the same attention.

Speaker recognition technology has a wide range of poten-
tial applications. Accurate speaker recognition can be an in-
tegral part of many security applications, controlling access to
information, property and finances. In particular, with the in-
creased use of automated services for applications such as bank-
ing, speaker recognition has the potential to become an impor-
tant means of authentication over telephone networks. Access
to automatic teller machines could also be improved by includ-
ing voice authentication with PIN verification. In addition to
security applications, the ability to correctly identify a person
from their voice can be used in conjunction with speech recog-
nition to produce automatic transcripts of conversations and
conferences. Speaker recognition may also be used in forensic
applications, such as helping determine the identity of speakers
in recorded telephone calls.

The above list of applications is by no means exhaustive,
yet it serves to illustrate the point that speaker recognition sys-
tems must be capable of performing well in a variety of en-
vironments and configurations. In addition, it is apparent that
many potential applications require hands-free sound capture,
such as automatic teller machine authentication, the production
of video conference transcripts, and security access to buildings

or vehicles. In such applications, a microphone array capable
of enhancing the desired speech from a known location offers
a means of meeting the requirements for hands-free operation
and robustness to noise conditions.

This paper commences by explaining the principles of mi-
crophone arrays and beamforming algorithms. Following this, a
review of the current state of microphone array speaker recogni-
tion research is given, and issues requiring further investigation
are identified. A microphone array speaker recognition system
addressing these issues is then assessed in an experimental eval-
uation.

2. Microphone arrays and beamforming
An array of sensors is essentially a discretely sampled continu-
ous aperture, and the response of the array approximates that of
the continuous aperture which it samples. The array response
as a function of direction is known as the directivity pattern. A
linear array of N sensors with uniform inter-element spacing,
d, has a far-field horizontal directivity pattern given by

D(f;� ) =

NX

n=1

wn(f)e
j2��(n�1)d (1)

where wn is the complex weight associated with the nth sensor,
� = cos �

�
, � is the angle measured from the array axis in the

horizontal plane, and � is the wavelength. A sample horizontal
directivity pattern for equally weighted sensors (wn(f) = 1

N
)

is shown by the bold line in Figure 1, illustrating the directional
nature of the array response. From the directivity pattern, we
see that a sensor array is capable of enhancing a signal arriving
from a certain direction with respect to signals arriving from
all other directions. This enhancement is based purely on the
direction of arrival, and is independent of the characteristics of
the desired and undesired signals.

In general, the complex weighting wn can be expressed in
terms of its magnitude and phase components as

wn(f) = an(f)e
j'n(f) (2)

where an(f) and 'n(f) are real, frequency dependent ampli-
tude and phase weights respectively. By modifying the ampli-
tude weights an(f), we can modify the shape of the directivity
pattern. Similarly, by modifying the phase weights, 'n(f), we
can control the angular location of the response’s main lobe. Be-
amforming techniques are algorithms for determining the com-
plex sensor weights wn(f) in order to implement a desired
shaping and steering of the array directivity pattern. In this way,
the response of the array can be controlled in order to enhance
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Figure 1: Unsteered and steered directivity patterns (�0=45 de-
grees, f=1 kHz, N=10, d=0.15 m)

a specific signal, provided the direction of the signal source is
known with some accuracy - a condition which is often met in
many speech and speaker recognition applications.

2.1. Delay-sum beamforming

To illustrate the concept of beam steering, consider the case
where the sensor amplitude weights, an(f), are set to unity.
If we use the phase weights

'n(f) = �2��0(n� 1)d (3)

where �0 = cos �0

�
, then the directivity pattern becomes

D
0(f; �) =

NX

n=1

e
j2�(n�1)d(���0) (4)

or

D
0(f; �) = D(f; �� �

0) (5)

The effect of such a phase weight on the beam pattern is thus to
steer the main lobe of the beam pattern to the direction cosine,
� = �0, and thus to the direction � = �0. The dotted line in
Figure 1 shows the horizontal directivity pattern for �0 = 45o.

A negative phase shift in the frequency domain corresponds
to a time delay in the time domain, and so beam steering can ef-
fectively be implemented by applying time delays to the sensor
inputs. We see that the delay for the nth sensor is given by

�n =
'n(f)

2�f

=
(1� n)d cos�0

c

(6)

which is equivalent to the time a plane wave takes to travel be-
tween the reference sensor and the nth sensor (with c repre-
senting the speed of sound propagation). This is the principle
of the simplest of all beamforming techniques, known as delay-
sum beamforming, where the time domain sensor inputs are first

delayed by �n seconds, and then summed to give a single ar-
ray output. Many more complex beamforming techniques ex-
ist, most of which calculate the channel filters wn according to
some optimisation criterion, or to implement a desired shaping
and steering of the beam pattern.

2.2. Superdirective beamforming

One class of beamforming techniques is that of superdirective
beamforming [1]. A key measure for sensor arrays is the array
gain, which is defined as the improvement in signal-to-noise ra-
tio between the reference sensor and the array output, and is
dependent on the array geometry as well as the noise field char-
acteristics. In the case of a diffuse noise field, the array gain
is also known as the factor of directivity. A diffuse noise field
is one in which noise of equal energy propagates in all direc-
tions simultaneously. Superdirective beamformers calculate the
channel filters that maximise the array factor of directivity, and
are thus optimal for diffuse noise conditions.

A near-field modification to the standard superdirective
technique, termed near-field superdirectivity, was proposed by
Täger [2] for the case where the desired speech source is located
close to the array. A source is said to be located in the array’s
near-field if

jrj >
2L2

�
(7)

where r is the distance between the source and the closest mi-
crophone, and L is the total array length. Within this range, the
assumption of a planar wavefront no longer holds, and a spheri-
cal propagation model must be used. Previous work has demon-
strated the suitability of near-field superdirectivity for speech
recognition in the context of a computer workstation in a noisy
office [3].

2.3. Adaptive beamforming

A limitation of fixed beamforming techniques, is their inabil-
ity to adapt to changing noise conditions. Adaptive array pro-
cessing techniques, such as the generalised sidelobe canceler
(GSC) [4] aim to solve this problem. The GSC separates the
adaptive beamformer into two main processing paths - a stan-
dard fixed beamformer with constraints on the desired signal
response, and an adaptive path, consisting of a blocking matrix
and a set of adaptive filters that minimise output noise power.
The purpose of the blocking matrix is to exclude the desired
signal from the adaptive path, ensuring that the output power
minimisation does not degrade the desired signal.

Such an adaptive beamforming technique succeeds in sig-
nificantly reducing the noise level for coherent noise signals
emanating from localised sources. In addition to the noise re-
duction provided by the focused fixed beamforming portion, the
adaptive noise canceling path is able to effectively construct a
directivity pattern null in the direction of the principal undesired
coherent sources.

2.4. Near-field adaptive beamforming

The beamforming technique chosen for the experiments in this
paper is termed near-field adaptive beamforming (NFAB). The
NFAB system is essentially a hybrid superdirective/adaptive
beamformer, as seen from the block diagram in Figure 2. The
upper path consists of a fixed near-field superdirective beam-
former, while the lower path contains a near-field compensation
unit, a blocking matrix and an adaptive noise cancelling filter,
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Figure 2: Near-field Adaptive Beamformer

similar to the GSC adaptive beamformer. The two paths com-
bine before passing through a post-filter. The technique is de-
scribed and analysed for speech enhancement in [5].

The motivation for a hybrid beamformer is the desire for
good performance in a variety of noise conditions. While near-
field superdirectivity performs well in a diffuse noise environ-
ment when localised noise sources exist, further noise reduction
can be attained using an adaptive technique. By adding a GSC-
style adaptive noise cancelling path to the superdirective beam-
former, the resulting system demonstrates good noise reduction
in both diffuse and coherent noise fields. Addition of a post-
filter further reduces the output noise when used in conjunction
with an effective beamformer [6]. In speech recognition ex-
periments, the NFAB technique has shown to out-perform both
standard near-field superdirective and GSC beamforming tech-
niques.

3. Speaker recognition with microphone
arrays

Although much research has been conducted into the use of mi-
crophone arrays with speech recognition systems, very little has
been done for speaker recognition tasks. Lin et al [7] investi-
gated the use of microphone arrays with speaker recognition,
using a matched-filter array with a vector-quantization based
speaker identification system. While their results showed sig-
nificant performance improvements with the array in noisy con-
ditions, the research is at least partially out-dated by the recent
shift to Gaussian mixture model (GMM) speaker recognition
systems.

More recently, Ortega-Garcia and Gonzalez-Rodriguez
have produced a number of research papers investigating the use
of low-complexity microphone arrays in GMM based speaker
recognition systems in noisy conditions (eg. [8]). Their re-
search has shown the benefits of using a microphone array over
a single microphone in hands-free speaker identification exper-
iments. In the experiments, the multi-channel input data is syn-
thesised using impulse responses of the propagation paths be-
tween the source and each microphone, estimated using the im-
age method [9]. While use of impulse responses is common
for the purpose of microphone array recognition experiments,
their estimation using the image method is based on a number
of theoretical assumptions which are rarely met in practice.

Another limitation of current research is the lack of re-
sults for speaker verification. Speaker recognition applications
can be categorised as either identification or verification tasks.
Speaker identification tasks classify a speech segment as be-
longing to either the most likely speaker from a closed set of
known speakers, or potentially as an unknown speaker. In con-
trast, speaker verification tasks decide whether or not a speech

segment was uttered by a specific speaker. Speaker verification
is thus the more likely task in most security and forensic appli-
cations. To date, all the research in microphone array speaker
recognition has been confined to the task of speaker identifica-
tion.

Thus, while some research has been done on speaker recog-
nition using microphone arrays, this has been minimal, and to
further research in the field a number of issues should be ad-
dressed :

1. The use of more sophisticated beamforming techniques
should be investigated.

2. More realistic methods of generating multi-channel
speech databases for experiments should be used.

3. More research into the use of microphone array en-
hanced speech with state-of-the-art GMM based speaker
recognition systems is required.

4. Experiments into the effect of microphone arrays on
speaker verification performance should be performed.

The experimental evaluation that follows aims to address
each of these issues.

4. Experimental evaluation
4.1. Beamforming technique

In order to investigate the use of more sophisticated beamfo-
rming techniques, the near-field adaptive beamforming (NFAB)
technique discussed in Section 2.4 was used in the experiments.
In previous work, the technique has been shown to be well
suited for the task of speech enhancement for a near-field source
in a high noise environment. In particular, the technique was
shown to provide an additional 5-8 dB improvement in the sig-
nal to noise ratio as compared to standard delay-sum beam-
forming, while introducing negligible distortion to the desired
speech signal [5]. For these reasons, it is expected that the tech-
nique will be well suited to the task of hands-free speaker recog-
nition in noisy conditions.

4.2. Experimental configuration

The microphone array used in the evaluation is the 9 element
array shown in Figure 3, consisting of a 7 element broadside
array, with an additional 2 microphones situated directly behind
the end microphones. The array is designed to sit on the top
of a computer monitor, and is 40 cm wide and 15 cm deep in
the horizontal plane. The broadside microphones are arranged
according to a standard broadband sub-array design, where dif-
ferent sub-arrays are used for different frequency ranges. The
two endfire microphones are included for use in the low fre-
quency range where the amplitude difference between sensors
is greater and can be exploited by the NFSD algorithm (for fur-
ther explanation, see [2]). The three sub-arrays accommodating
the different frequency bands are thus

� (f < 1 kHz ) : microphones 1-9;

� (1 kHz < f < 2 kHz ) : microphones 1, 2, 4, 6 and 7;
and

� (2 kHz < f < 4 kHz ) : microphones 2, 3, 4, 5 and 6.

The experimental context is the computer room shown in
Figure 4. Two different sound source locations were used, these
being

1. the desired speaker situated 70 cm from the centre mi-
crophone, directly in front of the array; and
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Figure 4: Experimental Setup

2. a localised noise source at an angle of 56 degrees and a
distance of 2.7 metres from the array.

In order to generate different noise conditions, test signals
were generated using impulse responses of the acoustic transfer
function between the sources and each microphone in the ar-
ray. As discussed earlier, the image method for estimating im-
pulse responses makes a number of assumptions that are rarely
satisfied in practice. In order to generate more realistic multi-
channel test signals it is desirable to have more accurate impulse
response measurements than available using the image method.
For this reason, a maximum length sequence (MLS) technique
as described by Rife and Vanderkooy [10] was used to mea-
sure the real acoustic impulse responses from actual recordings
made in the room.

The multi-channel desired speech and localised noise in-
puts were generated by convolving the speech and noise sig-
nals with the measured impulse responses. In addition, a real
multi-channel background noise recording of normal operating
conditions was made in the room. This recording is referred to
in the experiments as the ambient noise signal, and is approxi-
mately diffuse in nature. It consists mainly of computer noise,
a variable level of background speech, and noise from an air-
conditioning unit. The experiments were conducted for varying
levels of signal to noise ratio (SNR), measured as an average
segmental SNR. For the localised noise we used the speech-

like noise from the NOISEX database. In this way, realistic
multi-channel input signals were generated for varying levels of
ambient and localised noise, testing diffuse and coherent noise
conditions respectively.

4.3. Speaker recognition system

A GMM-based, text-independent, speaker verification system
was used in the experiments. The core system consists of a
large-mixture Gaussian mixture model to estimate the prob-
ability density of features for generalised speech. Individ-
ual speaker models are established by adapting the parameters
of the generalised universal background model (UBM) to the
statistics of each target speaker. The testing phase combines in-
formation from the adapted and background models in a like-
lihood ratio hypothesis test to examine the likelihood of the
test speech segment being spoken by the target speaker. The
core mechanism behind this speaker recognition approach is the
Gaussian mixture model or GMM.

Gaussian mixture modeling is used for modeling the prob-
ability density function (PDF) of a multi-dimensional feature
vector. A GMM forms a continuous density estimate of the
PDF by the linear combination of multi-dimensional Gaussians.
Given a single speech feature vector ~x of dimension D, the
probability density of ~x given an N Gaussian mixture speaker
model �, with mixture weights wi, means ~�i and diagonal co-
variances �i is given by

p(~xj�) =

NX

i=1

wig(~x; ~�i;�i) (8)

with a single Gaussian component density given as

g(~x;~�i;�i) =

1

(2�)
D

2 j�ij
1

2

exp(�
1

2
(~x� ~�i)

0

(�i)
�1(~x� ~�i))

(9)

where (�)0 represents the matrix transpose operator. Note
that the symbols D, wi and � are defined differently for the
microphone array and speaker recognition theory.

In order to model the distribution of a set of training vectors,
an iterative method is used to progressively refine the estimates
using a form of the expectation-maximization (E-M) algorithm.
The UBM was trained using a fast vector quantization Gaussian
(VQG) [11] initialization before applying the E-M algorithm.
In training, the speaker specific model is created by adapting
the universal model towards the training speech [12].

For test trials, the set of speech feature vectors, X , com-
prising of T observations f ~x1; ~x2; : : : ; ~xT g was tested against
both the adapted target, �tar, and the UBM, �ubm, models to
determine a frame-averaged log-likelihood ratio score.

� =
1

T

TX

t=1

(log p(~xtj�tar)� log p(~xtj�ubm)) (10)

These results are compared across the global board of
speakers to determine the error statistics in the form of an Equal
Error Rate (EER), Detection Cost Function (DCF) or Detection
Error Trade-off (DET) curve [13].

The speech was parameterised into vectors of 12 mel-
frequency cepstral coefficients (MFCC’s) with their corre-
sponding delta coefficients. The MFCC’s were determined by
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the application of a cosine transform to a set of 20 mel-spaced
filter-bank energies across the 0-4000Hz spectrum. The filter-
bank energies were derived using 32ms speech frames with
10ms frame advance. An energy based silence removal tech-
nique was used to discard silence frames in both training and
testing.

4.4. Recognition task

An evaluation was performed on the TIMIT Acoustic-Phonetic
Continuous Speech Corpus to examine the effect of microphone
arrays on a speaker verification system. The TIMIT database
is divided into two portions consisting of training and testing
speech from exclusively different speakers. The male speakers
in the training set were used to form the general background
speaker model, while the 112 male speakers within the testing
data set was used to perform the verification evaluation. For
each speaker, there were 10 speech segments; the first 8 seg-
ments (totaling about 24 seconds) were extracted for speaker
model training, and the remaining 2 segments (each of approx-
imately 3 seconds) were used for testing against all other male
speakers, producing a total of 25088 verification tests.

4.5. Results

In the first set of experiments, the level of ambient noise was
varied over the SNR range 20-5 dB, with no localised noise
present. This represents a diffuse noise condition, and thus tests
the microphone array’s ability to focus on the desired signal
direction. The equal error rate (EER) is plotted in Figure 5 for
three different signals :

� the clean input to the centre microphone (clean),

� the noisy input to the centre microphone (noisy), and

� the enhanced output of the NFAB microphone array
(NFAB).

The speaker verification task is evidently highly sensitive to ad-
ditive noise, as seen by the drastic degradation in results for
the noisy input, which performs little better than a guess (50%
EER) at the higher noise levels. It can be seen that the NFAB
microphone array is successful in reducing the level of noise in
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the input signal, with the EER approaching that of the clean in-
put at the 20 dB noise level. As the input noise level increases,
the performance of the microphone array system degrades more
gracefully than that of the single microphone.

Figure 6 plots the same results for the case of varying levels
of localised noise. This represents a coherent noise condition,
and as such, tests the microphone array’s ability to attenuate
undesired signals emanating from different directions to the de-
sired speech. The plot demonstrates the same general trends
as the preceding ambient noise case, however we note that the
EER of the NFAB output is lower for localised noise than for
the equivalent level of ambient noise. As expected, due to the
adaptive noise canceling path, the microphone array system is
better able to handle the situation of a single localised source
than that of a diffuse noise field. This is due to the fact that a
null can be placed in the direction of a single noise source, while
this is not possible for a diffuse noise source which effectively
contains an infinite number of noise sources, leading to an av-
erage gain over all undesirable directions that is non-zero. The
degradation of verification performance with increasing noise is
very slow in this case, with the EER increasing by only 4% over
the 20-5 dB input noise range for the NFAB system.

The detection error trade-off (DET) curve is a common
means of assessing the performance of speaker verification
tasks [13]. Figure 7 plots the DET curves for the three sig-
nals for the case of equal levels both of ambient and localised
noise (combined SNR level of 7 dB), representing a highly ad-
verse noise condition. Noting the logarithmic axes, we see that
the DET curve of the microphone array system is significantly
closer to that of the clean input than the DET curve of the sin-
gle microphone. From the figure, we see that the microphone
array system has significantly reduced the EER from 29.5% to
12.7%.

While the results clearly demonstrate the ability of micro-
phone arrays to provide considerable performance improvement
in a speaker verification task, it is apparent that more research
is required to attain performance levels acceptable for real ap-
plications. Greater performance may be achieved by combining
the microphone array system with additional speaker verfication
robustness techniques.
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5. Conclusions
This paper has investigated the use of microphone arrays for
improving the robustness of hands-free speaker recognition ap-
plications in noisy environments. Microphone arrays have the
benefit of providing a high level of enhancement based purely
on knowledge of the speaker’s location, without explicit use of
the characteristics of the speech or the noise.

A review of the current state of research in the field was
given, and a number of issues requiring further attention were
identified, including :

1. the use of sophisticated beamforming techniques,

2. the use of realistic methods of generating multi-channel
speech databases,

3. the need for speaker verification experiments, and

4. the use of state-of-the-art GMM based speaker recogni-
tion systems.

These issues were then addressed in an experimental evalu-
ation of a hands-free speaker verification task in high noise con-
ditions. The results indicate that the noise reduction provided by
the microphone array succeeds in significantly improving the
verification performance, as measured by the equal error rate,
and as shown in the detection error trade-off curve.

With further research, and used in conjunction with other
techniques, the results presented in this paper indicate that
microphone arrays have the potential to achieve significantly
higher performance levels in practical hands-free, high noise,
speaker recognition applications.
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