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Abstract

This paper addresses the problem of remote speaker recognition (SRE). Nowadays, systems
working with signals from close-talking microphones yield very good results. However, in the
case of remotely obtained data, their accuracy decreases considerably. Therefore, we explore
the applicability of microphone arrays for recovery from errors of SRE system introduced by the
room reverberation, where microphone arrays are purposely positioned set of microphones. We
discuss two approaches which are both based on microphone arrays — beamforming (delay-and-
sum) for enhancement of the input signals and the retraining of the SRE system components
with the beamformed data. By the combination of both techniques, we have achieved significant
improvement of accuracy in comparison with the results obtained with the single-microphone
recordings.
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Nowadays, the systems for speaker recognition (SRE)
achieve accuracies that merit the attention. It is mainly
due to a great effort that was put into the research of
such systems. As the result, the mathematically so-
phisticated but usable systems that are based on the
i-vector representation of recordings came into exis-
tence. However, these systems mostly require signals
acquired from the close-talk microphones, which re-
strains systems from being used in far-field scenarios.
In such cases, the accuracy decreases substantially,
which is caused by disturbing with room noise and
reverberation.

Solving the outlined problem is the motivation for
this work. First, we will explore how much the SRE
accuracy deteriorates with the remote microphones.
Then, the possibilities for improvement will be dis-
cussed. We will make use of the microphone arrays

that allow for the enhancement of the signal coming
from a particular direction by beamforming. Multiple
beamforming methods exist. The one that will be used
in this work is the delay-and-sum method. Another ap-
proach to the accuracy improvement is the adaptation
of a system to new conditions.

We will show that the combination of both ap-
proaches is beneficial. Even though we did not achieve
the same accuracy as with the close-talk scenario, the
improvement of the far-field scenario was significant.

To give a basic theoretical background, section 2
covers essential principles of current SRE systems and
possibilities of microphone arrays along with the de-
scription of beamforming. In section 3, we explain the
utilized dataset and need for data simulation. In sec-
tion 4, beamforming preprocessing and modifications
that led to accuracy improvements will be summarized.
Finally, section 5 presents the experiments.
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2.1 l-vector Based Speaker Recognition

In this work, we will use the current state-of-the-art
approach to speaker recognition [1]. It is well estab-
lished and has been used with some modifications for
a few years and it still yields supreme results. The
whole system can be seen as a chain consisting of
major “blocks”, namely feature extraction, Gaussian
mixture universal background model (UBM), i-vector
extraction and probabilistic linear discriminant anal-
ysis, which produces final scores. The presented se-
quence is depicted in Figure 1. A brief description of
the blocks follows:

Feature extraction As it is inconvenient to work di-
rectly with the raw audio signal, there is a need
for conversion to a suitable float-vector repre-
sentation with lowered dimension. Therefore,
the feature extraction methods are designed to
reduce the dimensionality and produce the fea-
ture vectors, typically 1 per 10 ms step. In
speech processing, Mel-Frequency Cepstral Co-
efficients (MFCC) are very common features
[2].

Gaussian mixture modeling The feature vectors ac-

quired in the previous step are modeled with
the Gaussian mixture model (GMM). GMM is
a generative probabilistic model [3, 4], which
consists of C weighted normal probability distri-
bution functions (PDF) and is described by three
parameters — w, 0 and X, where w is a vector
with component weights, § denotes a supervec-
tor obtained by concatenation of per-component
mean vectors ., where ¢ = 1,...,C. The last
parameter X is a block diagonal matrix, in which
the diagonal consists of the covariance matrices
X, for each component.
Typically, the training dataset consists of utter-
ances from many different speakers. The re-
sulting GMM hence covers the space of all the
training speakers and is called universal back-
ground model (UBM).

I-vector extraction For the purposes of speaker recog-
nition, a recording is represented by one vector
with a fixed dimensionality regardless of the du-
ration of the recording — i-vectors [1, 5]. The re-
lation between the mean supervector m, that we
would obtain by maximum a posteriory (MAP)
adaptation of UBM to an utterance, and the i-
vector @ is given by [3]

m=p+T, (1)

where W is a supervector of UBM means and T''
is a matrix which defines a subspace (total vari-
ability space) of directions in which the means
get adapted. With the UBM we extract the suffi-
cient statistics from recordings. These are used
in T matrix training and i-vector extraction.
Probabilistic linear discriminant analysis (PLDA)

PLDA was proposed by Prince and Elder [6] for
the task of face recognition. Then it was success-
fully adopted in a field of speaker recognition
[7]. It is used for classification of i-vectors. Be-
cause the i-vectors include information about a
speaker, but also about gender, recording condi-
tions (channel), etc., the PLDA model comprises
matrices spanning the speaker and channel sub-
spaces [8, 9]. These matrices are utilized in the
phase of scoring, which is very fast and sym-
metric. PLDA then produces a score, which
represents the similarity of speaker voices in
two recordings.

The system that was presented is available in the
BUT Speech@FIT group’. We implemented own i-
vector extractor and PLDA training scripts. The script
for PLDA is used in this work. However, due to a
slower convergence of i-vector extractor training, we
finally did not use our version.

2.2 Microphone Arrays and Beamforming
When it comes to a processing of speech recorded by
distant microphones, the use of a single microphone
18 inconvenient, as it records all the noises and other
unwanted speech signals coming from different direc-
tions. To handle the problem, microphone arrays are a
good choice. The microphone array is a set of micro-
phones typically organized in a topology. Often they
form a circle or a grid in the two-dimensional plane.

A microphone array can be interpreted as a spatial
filter, which is capable of enhancing the signal coming
from a specific direction, while it attenuates the noise
and competing speech coming from other directions
[10]. The filter can be described by a directivity pattern
[11] or a beampattern [10], which specifies the array
response as the function of frequency and direction of
arrival. For a uniform linear array® (ULA) and specific
frequency, the directivity pattern is depicted in Figure
2. The lobe around the maximum is called main lobe,
other lobes are sidelobes [11].

IT is sometimes referred to as an i-vector extractor [3].

2http://voicebiometry.org/

3Uniform linear array stands for a microphone array that con-
sists of microphones positioned on a line. The spacing between
neighboring microphones is uniform.
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Figure 1. A block diagram of used speaker recognition system.
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Figure 2. Directivity patterns for a uniform linear
array. The spacing d between microphones affects the
shape. Taken from [11].

The ability of microphone arrays which we are
interested in is called beamforming. This technique
implements the shaping and steering of the directivity
pattern in order to enhance the desired source of audio.
By steering, we mean re-positioning of the main lobe
to a specific angle. In other words, beamforming tech-
niques try to direct its look direction to the source of
interest.

3. Data Simulation

As we study the influence of distortion introduced by
the room acoustics, the need for both the clean record-
ings and their noisy versions is obvious. However,
there is no available multichannel SRE data. We, there-
fore, decided to use the dataset released for NIST Year
2010 Speaker Recognition evaluations [12]. From 9
evaluation conditions, condition 1 has been chosen in
which all the trials are from the same microphone in
training and test. The choice made due to the clarity
of audio because it will undergo further processing. In
this case, the recordings were captured by the close-
talking microphones.

Condition 1 evaluation results form our best-case
baseline. The far-field data were acquired by the simu-
lation of room acoustics. For the simulation, we used
the Room impulse response Generator tool [13] by
E. Habets. It is based on image method [14] which
outputs room impulse responses for a given pair of
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Figure 3. Model of the simulated room (4 x 4.5 x
3 m).

source and receiver in arbitrarily large room with spec-
ified characteristics of walls. The convolution of the
obtained impulse responses with the original signals
from the condition 1 set leads to set of parallel audio
data as if it was recorded in that room (with simplifica-
tions introduced by simulation method). To increase
diversity of conditions, two differently sized rooms
were simulated —4 X 4.5 x 3mand 8 x 10 x 5 m.
We will refer to them as “room” and “hall”, respec-
tively. The setup of the smaller room is shown in
Figure 3.

For the adaptation of the SRE system, we needed
data that match new conditions. The SRE training
datasets are typically huge (> 1000 hours). Thus,
a real recording would not be feasible in a reason-
able time period. The training data were acquired by
simulation of rooms with random dimensions and the
placement of the microphone array was changing as
well.

4. Preprocessing Multichannel Data and

Speaker Recognition System Descrip-
tion

4.1 Delay-and-sum

Delay-and-sum is the simplest and the most intuitive
beamforming method. It makes use of the fact that the
propagation delay causes the original sound wave to
arrive at different instants of time to each microphone.
When the time difference of arrival (TDOA) is known,
the signals recorded by microphones can be shifted
accordingly. Like this the desired signal is aligned in



target angle

Figure 4. Principle of beamforming. Signals that
come from the direction of interest are aligned and
hence amplified.

time, while the other components included in the audio
remain unaligned, and get attenuated. Figure 4 shows
the principle.

We wrote the script that performs delay-and-sum
beamforming in MATLAB. For the computation, the
knowledge of TDOAs is needed. Since the spatial lo-
cations of all microphones and the source are known,
delays can be calculated beforehand. However, in
a real-world scenario, speaker position is unknown
and may differ in time. To tackle this problem, mul-
tiple approaches have been developed [15]. Many of
them are based on the alignment of signals accord-
ing to their similarity. A straightforward option is
cross-correlation, but it deals badly with reverberation.
We used more universal variant — generalized cross-
correlation (GCC) with PHAT weighting — that was
shown to be less prone to errors caused by the echo
[15]. Hence, beamforming works in the frequency
domain. The script divides input recordings into over-
lapping frames whose length is 500 ms. The delay
between the reference microphone and another micro-
phone is given as the number of samples that corre-
spond to the maximum of GCC — the inverse Fourier
transform of PHAT weighted product of one spectrum
and the second conjugate spectrum.

4.2 Speaker recognition system

MEC coefficients of dimension 60 are extracted from
recordings in 10 ms steps. Such features were used
for training of the UBM, which comprises 2048 com-
ponents. I-vector dimensionality is 600 and they are
further projected to 200-dimensional space using lin-
ear discriminant analysis (LDA). The latent variables
in PLDA are of the same dimensionality.

The first experiment is aimed at quantifying the de-
terioration when the original SRE system is used for
far-field recordings. The next part is dedicated to meth-
ods applied in order to diminish this deterioration. In
all the experiments, the two rooms described in section

Table 1. Accuracy of the SRE system for the clean
and noisy test data in terms of equal error rate [%]
(the lower the better).
Clean Room Hall

2.07 10.82 10.62

0.61 693 647

Female
Male

3 are used: “room” and “hall”.

To get the baseline results, we evaluated NIST
2010 SRE condition 1 (clean data) using the original
system. The accuracy of the same system was also
evaluated for the test data that simulate room the con-
ditions. The outcome of this phase in terms of equal
error rate (EER) is shown in Table 1. We can see sig-
nificant degradation. In the next stage, we will explore
various possibilities to make this difference smaller.

In the first approach, the whole system remained
the same and a microphone array was used instead of
single microphone. In our case, delay-and-sum was
applied to a planar microphone array consisting of 8
microphones (Figure 3). The effect is shown in Figure
5 (blue bars). In all the subsequent experiments, we
also need to pay attention to the accuracy of the system
on the clean test data. In this first case it did not change,
as the delay-and-sum is a preprocessing applicable to
multichannel data only, hence it has no effect on the
clean single-channel data.

The following experiments focus on adaptation of
the SRE system. At first, we re-trained the i-vector
extractor (see Figure 1 for its placement in the pro-
cessing pipeline). The training dataset was augmented
by one copy of the original training data, in which we
added distortions that simulate random rooms (section
3). Moreover, this synthetic data were processed by
delay-and-sum. The results are displayed in Figure 5
(yellow bars). It would be appropriate to perform yet
another experiment in which no beamforming would
be applied to the training data. Due to time constraints,
we decided to skip it and the results should be worse
than with the beamforming.

Next, we experimented with the PLDA retraining
(see Figure 1 for the role of PLDA), while the origi-
nal i-vector extractor was used and no beamforming
was performed. As in the case of i-vector extractor
retraining, the training dataset was extended with the
randomly simulated copy. Note that the original train-
ing data for PLDA and i-vector extractor differ. The
outcome of this experiment is shown in Figure 5 (green
bars).

Based on presented results, it seems beneficial to
perform PLDA retraining so that it can learn a new vari-



Impact of delay-and-sum preprocessing of test data,
i-vector extractor retraining and PLDA retraining
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Figure 5. Impact of separately applied delay-and-sum preprocessing, i-vector extractor retraining and PLDA

retraining in terms of EER for different test conditions.

ability introduced by the room conditions even though
it is partially suppressed by preceding delay-and-sum.
The extended training dataset also enhanced the ro-
bustness as the EERs on the clean test data decreased.
Delay-and-sum itself evidently helps to improve the
accuracy, as well.

Until now, one single change at a time was consid-
ered — only beamforming or only i-vector retraining or
only PLDA retraining. The combination of the indi-
vidual techniques was the next step. To compare their
performance, we introduce a measure called recovery
from error (RFE)

X— aclean(g) . 1007
Aroom (gu I") — dclean (g)

2)
where g and r specify test conditions — g is gender, r is
a type of room. d./eq(g) is the accuracy of the original
system for the clean test data of gender g in terms of
EER. a,00m(g,r) is analogous, but test data from room
r are considered (single far-field microphone). The
symbol x refers to the new accuracy obtained by ap-
plying modifications of the system or preprocessing,
whereas conditions match those specified by g and r.
When RFE equals zero, it means that new result does
not help to recover from errors. On the other hand,
100 % is achieved in case that a particular technique
helped the system to reach the original accuracy. Table
2 summarizes impacts of combinations of recovery
approaches presented beforehand. We can see that in
almost every case the combination of techniques out-
performs any of the separate techniques. The shortcuts
in the table have the following meanings:

RFE(x,g,r) = (1 -

DS delay-and-sum preprocessing,
ivec_r i-vector extractor retraining,
PLDA r PLDA retraining.

Table 2. Performance of enhancing techniques in
terms of RFE [%] (the higher the better). In each
column, the best recovery is highlighted.

Room Hall

Female Male Female Male
DS 274 201 212 164
ivec_r 28 209 106 302
DS + ivec_r 274 344 332 328
PLDA r 710 592 655 586
DS+PLDAr | 759 68.0 754 603
iveer+PLDA x| 71.1 545 700 612
PDEI;’ Aiff” Tl 779 632 780 621

6. Conclusions

In this paper, we have dealt with a topic of far-field
speaker recognition. Different techniques that cope
with the errors that are introduced by reverberation
were discussed. Two approaches were outlined — pre-
processing of multichannel data (from a microphone
array) known as beamforming (delay-and-sum in our
case) and adaptation of the system to simulated far-
field data.

We have shown that delay-and-sum, i-vector ex-
tractor retraining and PLDA retraining are beneficial



when dealing with the far-field scenario. Based on
the experiments, we concluded that the combination
of the aforementioned methods leads to even greater
accuracy improvements: up to 75 % recovery of the
performance gap between close-talk microphone data
and single far-field microphone data.

Even though a substantial improvement was achieved,

there is still room for more improvement. In this
work, only the delay-and-sum beamforming method
was used, while more elaborate techniques exist, for
example minimum variance distortionless response
(MVDR) or generalized sidelobe canceller (GSC) [16].
Also, we worked with the simulated data, but the simu-
lation neglects some of the physical principles of sound
wave propagation. As a part of the future work, the
correlation with real world data should be verified.
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