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Abstract. This paper presents a brief discussion on the speaker recognition task, through short
term audio inputs, by means of artificial neural networks. The input signal is treated with the
purpose of removing non-pertinent data, as well as reducing the complexity of the neural net-
work that will make the classification. The input of the neural network is the spectrogram of the
input signal, acquired through the Fourier transform applied on the treated audio. The studied
network maps nonlinear and discontinuous subspaces of the possible input values and the net-
work development, its performance and possible applicability in real scenarios are evaluated.
The training time of the analyzed network is of the order of 10 seconds, the classification of all
the samples occurs in 1 second. The evaluated neural network correctly identified the speaker
of all samples, what make us conclude that the proposed approach is feasible and has a good
potential to solve large scale versions of this problem.
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1 INTRODUCTION

Automatic speaker recognition is a field of technological study that, since the emergence of
machines, has always been part of human aspirations. This is due to the benefits inherent in sys-
tems capable of succeeding in this task, such as having a machine identifying its owner through
speech, without the need for coded inputs or specific languages that are not user friendly.

Artificial neural networks (ANNSs) are allied in this sense, since through them it is possible
to implement speaker recognition models. There are some records in the literature on applica-
tions for speech recognition techniques, such as the assistance to the disabled (Neto et al., 2010)
(Thiang, 2007), applications in forensic practice (Cardoso, 2001) and environment automation
(Amaral et al., 2004).

On the other hand, there is no great diversity in the area literature, since the systems that
allow a more natural communication between man and machine are still not completely domi-
nated (Neto et al., 2010).

This work seeks to demonstrate, through a practical approach, the application of speaker
recognition by means of an artificial neural network. Such a network must be capable of recog-
nizing the voice of a certain speaker among a set of different speakers.

The rest of the paper is organized as follows, with methodology, results, experimental anal-
isys and conclusion. Section 3 explains in details the methodology used in this work, with
emphasis on the acquisition and manipulation of input data. It exposes how audios are used as
input to the projected network. The architecture of the network is also briefly discussed.

2 LITERATURE REVIEW

There is several references in the literature about speech recognition. Many approach are
related to processes of recognition of isolated words, as suggested by Gonzalez-Cadenillas and
Murrugarra-Llerena (2013), when they used an evaluation of different isolated words recogni-
tion techniques on an embedded system using a microcontroller.

Others references using ensemble classifiers that theoretically and experimentally analyze
the performance of a weighted plurality voting combination strategy to combine the decisions
of multiple classifiers. Where theoretical expressions characterizing the performance of the
weighted voting model are derived and the method is applied to the problem of human voice
recognition getting results that show the advantage of employing weighted voting based ensem-
ble classifiers in achieving high identification rates (Mu et al. 2009).

Still there are authors who are dedicated to answer questions like which techniques of
speech recognition can yield better results, or which ones are the most efficient way of imple-
menting such a system (Murphy, 2014).

In addition to several other approaches to voice recognition, however, the approaches stud-
ied did not reveal results as expressive as those achieved in this work. They were obtained by
applying the Fourier transform for speech recognition. This technique was chosen for present-
ing good results for other recognition of patterns, such as the recognition of the human iris,
presented by Al-Alaf et al. (2013).

As the results seemed momentarily satisfactory, this work could be relevant to the area of
human voice recognition, due to the infinity of applications that exist today.
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3 METHODOLOGY

Ten people (Table 1) were selected to make audio recordings to provide data with the pur-

pose of studying and to propose an artificial neural
Once the group of people is characterized, the iden
will, therefore, be numbered from 1 to 10.

classification network to identify speakers.
tity of each speaker is not important. They

Table 1: Characterization of the selected people according to sex and age.

Age

Number | Sex
1 M
2 M
3 F
4 M
5 F
6 M
7 F
8 M
9 M
10 F

29
26
22
23
29
34
25
62
28
34

A set of 10 short sentences were elaborated for each speaker to say (Table 2), totaling 100
samples: 10 individuals and 10 sentences. Each sentence contains 8 syllables and the set sought
to explore different phonemes of the Portuguese Language.

Table 2: Set of 10 phrases recorded by each individual. The recordings were normalized with attenuation
of 1 Db. The recordings were edited to present 2 seconds of duration, each.

Phrase translated to English

Number | Phrases in Portuguese
1 Hoje ela mexe muito
2 Feliz aniversario
3 Minha mae gosta de uva
4 Suco de limao com pera
5 Minha axila € limpa
6 Eu tomo ché de gengibre
7 O treino da rede neural
8 Envelhec¢o na cidade
9 Isso é engenharia
10 Base de frases gravadas

Today she moves a lot
Happy Birthday

My mom likes grape
Lemon juice with pear

My armpit is clean.

I have ginger tea

The neural network training
I get old in the city

This is engineering

Record Phrase Base
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In order to improve the generalization capacity of the projected network and to reflect
the impossibility of controlling the environment in which the input audio is recorded in real
applications, 5 noises are added to the samples (Table 3).

Table 3: Set of 5 noises added to recordings. Duration of 2 seconds, each. Noise signals were normalized
with attenuation at 20 Db — about 10 times less intense than the recordings.

Numer | Noise

1 Traffic

2 Office

3 Building site
4 Rain

5 Wind

The sample base contains 600 elements (equation 1); therefore:
m=s8-+r1rXs, (1

where s = 100 is the number of samples without addition of noise, r = 5 is the number of
noise base elements and m = 600 is the total number of samples. The final base contains 100
samples with no added noise and 500 samples with added noise: a total of 600 samples.

It is desirable that the speaker recognition process does not depend on the text being read, as
far as possible, on the speaking time. In order to remove the temporal aspects and extract part of
the vocal information, we apply Fourier transformers to the audio signals. The algorithm used
was the Fast Fourier Transform (FFT), a discrete and efficient variant of the Fourier transform.

The chosen sampling rate was 44100 Hz. This arbitrary choice is based on the fact that
this sampling rate is the most common and accessible, popularized because it is the sample rate
used on audio CDs.

The sampling rate of the signal informs us as to the number of points sampled per second.
The resulting spectrogram of the Fourier transform application contains information pertaining
to half of the signal sampling rate — Nyquist sampling rate (Oran Brigham, 1988). When
we apply FFT to a sampled audio sample at 44100 Hz (Figure 1.a), the resulting spectrogram
(Figure 2.a) contains data for frequencies up to 22050 Hz, including.

This spectrogram (Figure 2.a) allows us to evaluate that most of the vocal information is
concentrated at low frequencies. To simplify the model contemplated by the projected network
and to remove noise from the incoming audio signal, we developed a Chebshev Type II low-
pass filter with cutoff frequency of 1024 Hz and attenuation of 60 Db — the signal is attenuated
by a divisor factor of 1000. The resulting filtered audio signal and spectrogram are shown in
the Figures 1.b and 2.b, respectively.

Since the filtered signal has little or no intensity at frequencies above 1024 Hz and preserved
a considerable part of the vocal information, it has been re-sampled at 2048 Hz. The resampled
filtered audio signal and spectrogram are shown in the Figures 1.c and 2.c, respectively.

The value of the cutoff frequency for the low-pass filter was not at all chosen arbitrarily;
neither the duration of the audio: the FFT application presents an efficient computational cost
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a. Original audio signal - 44100 Hz
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Figure 1: Manipulations performed on an audio signal.
a.  Original signal with sampling rate of 44100 Hz.

b. Filtered signal through Chebshev Type II low-pass [1024; 1152] Hz, with attenuation of 1 Db
for frequency lower than 1024 Hz and attenuation of 60 Db — attenuation by a factor of divisor of 1000 —
for frequencies above 1152 Hz.

c.  Resampled filtered audio signal to 2048 Hz.

Spectrogram of the original audio signal - 44100 Hz
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Spectogram of the filtered audio signal - low-pass 1024 Hz
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c. Spectogram of the resampled filtered audio signal - 2048 Hz
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Figure 2: Spectrograms of signals a, b and ¢ from Figure 1, respectively.
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for a data sequence whose total size is the result of a power of 2 (Oran Brigham, 1988).

The result of the FFT applied to the filtered and resampled signal is used as input of the
presented network. Since it has complex numbers, we chose to use the absolute value of each
point, corresponding to its absolute value or magnitude:

la + bi| = Va2 + b2, 2)

The final size of the input sequence for each sample of the recording base is given by:
n = 2048 x t, (3)

where ¢ = 2 seconds is the duration of each sample, 2048 is the sampling rate of the audio
signal, and n = 4096 is the size of the input vector.

The proposed network is a classification artificial neural network, its has an input layer
with 4096 points, a hidden layer with 64 neurons, and output layer with 10 neurons — an
output neuron for each individual (class). It has a non-linear activation function in the hidden
layer and uses the soffmax activation function. The scaled conjugate gradient as used as the
training function.

The input matrix X,,, has 600 samples, each with 4096 points, of which 360 samples
were used for training, 120 for validation and 120 for tests. The sample partitioning occurred
randomly. Each sample is associated with its corresponding classification: a binary vector with
10 positions, referring to the 10 individuals — considered classes — where the value 1 in the
ith position means that the sample belongs to the ith class; the value 0, in an analogous way,
means that the sample does not belong to the ith class. Each sample belongs to a single class,
of course. These vectors associated with the m samples form the target matrix 7,,y., where
¢ = 10 is the number of classes.

Section 4 presents the results obtained in the experiments by the proposed network.
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4 RESULTS

The training of the classification network occurred in time in the order of 10 seconds. The
training was interrupted by reaching the lower limit of the gradient (in multiple runs), since it
is a stop criteria. The neural network correctly classified all the samples (Figure 3) in a time
interval of the order of 1 second. There is no association between target class of Figure 3 and

person of Table 1.

Confusion Matrix

Output Class

1 2 3 4 5 6 7 8 9 10
Target Class

Figure 3: Confusion matrix. Each class has 60 matching samples.

Performance and training gradient decay rapidly (Figures 4 and 5), but, with the lower
threshold of the gradient reached, the training is interrupted in order to avoid overfitting. The
error histogram (Figure 6) and the correct classification of the samples (Figure 3) indicate that
the application of a classification network was adequate to solve the speaker recognition prob-
lem.
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Best Validation Performance in 1.0053e-08 in epoch 71
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Figure 4: Evolution of cross-entropy by training epochs. Despite the approximately linear decrease, training
was stopped in order to avoid overfitting.

Gradient = 8.4557e-08, in epoch 71
T T T

Gradient

1078

Figure 5: Evolution of the gradient by training epochs. Despite logarithmic decay, training was stopped in
order to avoid overfitting.

CILAMCE 2017
Proceedings of the XXXVIII Iberian Latin-American Congress on Computational Methods in Engineering
R.H. Lopez, L.EF. Miguel, P.O. Farias (Editor), ABMEC, Florianépolis, SC, Brazil, November 5-8, 2017



B.M.C.C Souza, R.L. Jorge, PE.M. Almeida

Error Histogram (bin size of 20)
4500

I raining
I validation

[ Test
4000

Zero

3500

3000

2500

Instances

2000

1500

1000

Errors = Targets - Outputs

Figure 6: Error histogram (bins of 20).

S EXPERIMENTAL ANALISYS

The present work was carried out with a reduced time frame. As a result, some factors
threaten the universality of the results obtained. Speakers do not represent extensive coverage
of vocal possibilities and the number of classes is relatively small; for certain applications.

The attenuation of 20 Db in the noise signals was arbitrary and not supported by studies of
any nature. The reduction of the sampling rate from 44100 Hz to 2048 Hz has similar weakness.
A sample rate of 8000 Hz is sufficient, however, since we have interests in the frequencies
emitted by the human voice. In order to make it possible to classify an input, it is necessary to
resample it to 2048 Hz. This work did not evaluate the computational impact that this entails.

6 CONCLUSIONS

Artificial neural networks are often used in cases where there is little information about a
given problem and there is no way to establish an analytical solution for it.

The The proposed approach, based on an MLP artificial neural network using one hidden
layer, presented training time feasible for real applications (in the order of 10 seconds) and pre-
sented equally feasible performance (600 samples classified in time of the order of 1 second),
which could be implemented in embedded systems and real time. All samples were correctly
classified by the proposed network, what make us conclude that the proposed approach is fea-
sible and has a good potential to solve large scale versions of this problem.
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