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ABSTRACT

SPEAKER VOICE RECOGNITION USING A HYBRID PSO/FUZZY LOGIC
SYSTEM

Nuha Waleed Dahham ALTEKREETI

M.Sc., Electrical and Computer Engineering, Altinbas University

Supervisor: Asst. Prof. Dr. Abdullahi Abdu IBRAHIM
Date: June 2021

Pages:54

Smart grids are electric grids that are composed of multiple power sources and devices
connected to each other to provide better reliability in power generation and power management,
modern developments of the smart grid aim at either improving the control of power sources and
loads connected to the smart grid by developing a specialized software/hardware, or by
improving the communication within the parts of the smart grid and the central control. In this
paper we aim at improving both sides of the smart grid system (communication and control), we
propose a fuzzy logic based controller for renewable energy and fossil fuel sources in a grid and
an internet of things based monitoring system which oversees the state of the smart grid, faults
that occur in the grid, and how the fuzzy controller overcomes those faults, all in which provide

an extra layer of support to the smart grid.

Keywords: Fuzzy logic, Internet of things 10T, Matlab Simulink
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OZET

SPEAKER VOICE RECOGNITION USING A HYBRID PSO/FUZZY
LOGIC SYSTEM

Nuha Waleed Dahham ALTEKREETI

M.Sc., Electrical and Computer Engineering, Altinbas University

Supervisor: Asst.Prof. Dr. Abdullahi Abdu IBRAHIM
Date: June 2021

Pages:54

Akilli sebekeler, gli¢ iiretimi ve giic yonetiminde daha iyi gilivenilirlik saglamak icin
birbirine bagli birden fazla gii¢ kaynagi ve cihazdan olusan elektrik sebekeleridir; akill
sebekenin modern gelismeleri, giic kaynaklarinin kontroliinii ve akilliya bagl ytikleri
kontrol etmeyi amaglamaktadir. 6zel bir yazilim / donanim gelistirerek veya akilli
sebekenin bilesenleri ile merkezi kontrol arasindaki iletisimi gelistirerek. Bu makalede
akillr sebeke sisteminin (iletisim ve kontrol) her iki tarafin1 da gelistirmeyi hedefliyoruz,
akilli bir sebekede yenilenebilir enerji ve fosil yakit kaynaklart ve devleti denetleyen
seylere dayal1 bir izleme sistemi i¢in bulanik mantik tabanli bir kontrolor dneriyoruz akill
sebekeye, akilli sebekede meydana gelen arizalara ve bulanik denetleyicinin bu hatalarin

Ustesinden nasil geldigi, bunlarin hepsi de akilli sebekeye ekstra destek katmani saglar.

Anahtar Kelimeler: Bulanik Mantik , Nesnelerin Interneti , Matlab Simulink

viii



TABLE OF CONTENTS

Pages

DEDICATION. . .ctiiiiiiiiiiiiiiiiitiiitiiittiittiiittiisteistctstcssscssssssscssssssssssssssssssenns v

ACKNOWLEDGEMENTS..ccttiiiiiiiiiiiiiiiiiiiiiiiiiiiieiiiettieteisttisssessccssscsnsccnnen. \
ABSTRACT ..ottt b bbb bbb e bt bR bRt bttt vii
O ZET s vii
TABLE OF CONTENTEIX ..ottt sttt s nneas IX
LIST OF TABLES ... oot ettt b e e et e e te e sae e beenneas Xl
LIST OF FIGURES ...ttt xiii
LINTRODUCGTION. .. ettt st sbe et e et e esbe e st e e be e e beesaeeanbeenneas 1
LIBACKGROUND ...ttt ettt bbbt e st e e be e nbeenee e 1
L2MOTIVATION ...ttt ettt et b et e et e e rb e e s beeenbeesbeeenteenreeanes 1
1.3PROBLEM STATEMENT ...ttt 2
LACONTRIBUTION ..ottt ettt 2
1.5THESIS ORGANIZATION ..ottt 3
2.LITRATURE REVIEW ..ot 4
3B MATERIALS AND METHODS .....cooiiereeisee ettt 6
3.1BIOMETRICS RECOGNITION ..ottt s 6
3. LI TYPES OF BIOMETRICS ...ttt 8
3.L.LLIDIGITALPRINTING ..oeiiiiieee ettt 8
SBLLLL2 IRISES ... et 9


file:///C:/Users/cagatay.aydin/Desktop/FBE_Docs/Altinbas%20University%20Thesis%20Template%20.docx%23_Toc3886892
file:///C:/Users/cagatay.aydin/Desktop/FBE_Docs/Altinbas%20University%20Thesis%20Template%20.docx%23_Toc3886892

B LLBVOICE .. 9

3.2 SPEAKER RECOGNITION CONCEPTS ..o 10
3.2.1 SPEAKER RECOGNATION BRANCH ... 10
3.2.1.1 VEREFICATION .ottt 11
3.2.L2 IDENTIFICATION L. e 11
3.2.L.3 CLASSIFICATION ...t 12
3.2.L 4 SEGMENTATION ..o, 12

3.2 L5 DETECTION ...ttt 12
B2LBTRACKING ... 12
3.2.2 MODALITIES ... e 12
3221 TEXT -DEPENDED ..ot 13
3.2.2.2 INDEPENDED OF TEXT .....ouiiiiiiiii e 13
3.2.2.3 TEXT-PROMPTED (RANDOM TEXT )...ovviiiiiiiiiiiiiiiiiieee e, 13
3.2.24 KNOWLEDGE BASED .....ouiiiiii e 14
3.3EXTRACTING FEATURES FROM THE VOICE SIGNAL........cccooiiiiiiiiieiiiieieeins 14
3.3 1 VOICE SIGNAL ... e 14
B3.LLSAMPLING ..., 15
3.3.L2 QUANTIZATION ..o 15
3313 NOISE Lo 15

3.3.2 TECHNIQUES FOR EXTRACTING CHARACTERISTICS FROM VOICE
SIGNAL AND MPECC ...ttt nn e 16



3.4 MACHINE LEARNING ...t 17

3.4.1 MACHINE LEARNING ALGORITHM ..ot 17
3.4.1.1 SUPPORT VECTOR MACHINE ..., 18
BALZ2NAIVE BAYES ..o 19

3A2FUZZY LOGIC ... 20

343 PSO ALGORITHM ... 22

4. PROPOSED METHOD ...ttt 23

A ADATA SET oottt b ettt bt 25
5. SIMULATION AND RESULTS ... 30
6. CONCLUSION .o e 36
REFERENCES. ... .. e 37

Xi



LIST OF TABLES

Pages
Table 5.1: The performance results in each options for each bio-inspired algorithm .................. 31
Table 5.2: The best option and model are determined based their performance indicator............ 32

Table 5.3: With the bioinspired algorithm and data set used to achieve each of its indicators ....33

Table 5.4:Show the average result by number of input and the average results of the models with

Y0101 001 00T 0 N 0] o1 | SO SSSRR 34

xii



LIST OF FIGURES

Pages
Figure 1.1: Simple biometrics reCOgition SYSIEM ........cccciveiieiieiieii e 1
Figure 1.2: Traditional biomatrics recognation SYStEM ..........cccecvvevieiesieeseese e 2
Figure 3.1: TypPes OF DIOMELIICS .....ocuoiuiiiiiieieicie e 6
Figure 3.2: Example of expert system in VOICE reCOgNatioN............cooereririeieiieiiese s, 8
Figure 3.3: Security system based on sound DIOMELIICS .........c.cooiiiiiiiiiiieieie e 11
Figure 3.4:Speaker voice recognation SYSTEM ........cceieiuererierisiiriesiseeie et 14
Figure 3.5: Types of Maching I€arNING .........cccoiiiiiiiiieie i 18
Figure 3.6: SVM CIaSSITICALION ........c.cccuiiiiiiiicieee et ae e 19
Figure 3.7:Naive bias ClassifiCation ...........ccccceiiieiiiiiciicie e 20
Figure 3.8: Fuzzy membership fUNCLION .........covoiiiii i 21
Figure 3.9: PSO WOTKFIOW .....coviiiiiie et 23
Figure 4.1: FUZZY [0gIC MOEI ........coeiiiiieee e e 24
Figure 4.2: Proposed Recognation Model.............cooiiiiiiiiiiciecce e 25
Figure 4.3:PropoSed SCREME ...t 27
Figure 4.4: Speech fAtUreS IN GULL. ..ot 27
Figure 4.5: Cunk of speech in Matlabh GUI ..........ccoviiiiiiiiiie e 28
Figure 4.6 Isolating a feature in the SPEeCch ChUNK............cccoiiiiiiiiiiee e 28
Figure 3.13: MATLAB implementation of the smart grid battery ...........cccoovieieiiieiieie 35
Figure 3.14: charge and discharge cycle in the battery........c.cccoceoiiiie i 36

Xiii



Figure 3.15:
Figure 3.16:
Figure 3.17:
Figure 3.18:
Figure 3.19:
Figure 3.20:
Figure 3.21:
Figure 3.22:
Figure 3.23:
Figure 3.24:
Figure 3.25:
Figure 3.26:
Figure 3.27:
Figure 3.28:
Figure 3.29:
Figure 3.30:
Figure 3.31:
Figure 3.32:
Figure 3.33:
Figure 3.34:

Figure 3.35:

Switch mode, remaining capacity, and other parameters..........c.ccoecvevvvivereereeseene 36
General diesel fuel generator diagram..........cccecvveieerieeiiesieese e 37
Diesel generator mass flow fuel INJECLION ..........cccooveiieiiiic i 37
Diesel fuel generator SIMUlAted...........cccooiiiiiiiiiiicee e 38
Bases diagram for modelling the DC CONVEIEN .........cceveiiieiieiieie e 39
voltage output of the BUCK CONVEITET .........ooieieiiieieieceeee s 39
voltage output of the BOOSE CONVEITET .........ccieiiiiiiiieriesesie s 39
voltage output of the BUCK-BOOSE CONVEITET..........ccceiieriiieiierie e 40
voltage output Of the CUK CONVEITE .........cceiiiiiiicie s 40
voltage output Of the SEPIC CONVEIEN ........c.ciieieeeciece e 40
proposed smart inverters connected t0 the PV ... 41
SMAIT MICIO INVEITET ...ttt ettt b e snenrenneas 41
Topology of the full bridge smart INVErter ...........coooveie e 42
Primary and secondary voltage of the smart inVerter.............cccoovevviieiievecieceenns 42
Difference between fuzzy and classic ValUes ............ccoceieiiiiiiiiiicie 43
Proposed fuzzy rule control SCheme.........ccoiiiii 44
Switches used to turn on and off & POWET SOUICE ..........cceiiririiieieieiese e 44
Fuzzy logic control of the Power sources and load demand .............cccccevvvieinennnne 45
Fuzzy logic controller MOdUIE. ..o 45
Smart grid connection INFraStrUCTUIE ...........ccviiiieieiee e 48
Network hierarchy in smart grid SYStemS..........ccoviiiiiieiii e 48

Xiv



Figure 3.36: HAN NEtWOIrK CONNECTION........iiieiiiieiiesie e cee st e e ste e e e ee s 49

Figure 3.37: NAN NEtWOIrK CONNECLION.........ciieiiiiieiiece et ste e e e sreesae e e ee s 50
Figure 3.38: WAN NetWork CONNECLION.........ccveiiiiie it 50
Figure 3.40: Proposed Handshake network CONNECTION...........ccuvviiiiiiiiininicieeee e 51
Figure 3.41: Wireless communication between smart grid 8SSets ..........ccocvvvvviiieinieneieennene 52
Figure 3.42: UDP send and receive MOTUIE ..........cooiiiiiiiiiiiee e 52
Figure 4.1: Proposed smart grid and component status visualization.............ccccccovvenenciennnnnn 53
Figure 4.2: General implementation of fuzzy 10QIC .........cccviiiiiiiiiie e 54
Figure 4.3: Fuzzy logic block controls the switches of the loads and power ............c.cccccoevveneee. 54
Figure 4.4: MATLAB implementation of the PV array .........ccccocoe i 54
Figure 4.5: SVPWM voltage control of the PV array...........cccccveveiiiiiiic e 54
Figure 4.6: Current, voltage, and power stability of the PV array..........ccccoceevveviiiiiiciciicsees 50
Figure 4.7: MATLAB implementation of the Battery pOWer SOUICE..........ccccvevveiieeiieeriesieseenns 50
Figure 4.8: Voltage, current and capacity of the battery...........ccoccooveiiiiiiiic e 51
Figure 4.9: Load demand simulated in MATLAB. ... 52
Figure 4.10: MATLAB UDP send and receive MOdUIE ..........ccoveriiiiininiieecee e 48
Figure 4.11: communication DEtween WINAOWS ...........cccoviiiiiiiiiieie e 49
Figure 4.12: Packet assembly in the receiver side of the monitoring system ...........cc.ccccoovrvnnne. 49
Figure 4.13: Reassembled packets as a grid status visualization...........c.ccoovevveinnenenc s 50
Figure 5.1: Smart grid performance under normal CONditioNS............ccoceveriiiinieiene s 51
Figure 5.2: Voltage stability in the bus before and after the fuzzy logic control ......................... 52

XV



Figure 5.3: Voltage stability and fluctuation in fossil fuel, battery and load demand busses ......

Figure 5.4: Increase in load demand matched by an increase in power flow ............ccccccoveinennens

Figure 5.5: Load demand and then failure and the fuzzy logic response

XVi



1. INTRODUCTION
1.1 BACKGROUND

The importance of security and the identification of people is growing in today's society, giving
rise to several methods to meet this need. One way to meet this need is using biometrics to
identify a person by their unique characteristics. the biometrics measures an individual's
physiological or behavioral characteristics to identify them it, for example, the characteristics of

a person's face (physiological characteristic) or the way a person walks (behavioral) :

Data acquisition Blometric engine Data storage
Enrolment data T g
emplate generation
pisie g » Database
S Preprocessing , b
* Detection RSB i Modeling i
ki 7 icamr; \
— [ Locakzation extraction
- — I s 7
Test data \/
Matching .
| .
(similarity measurement)\l J
y ‘ % ‘/I “\____//
R 0 ‘\/ C'lif:nt side/cloud
Clicnt side Cloud Output (ID or ID conformations) data protector
e Enrolment regisuwation - ] Operation deployment |
J L J L

Figure 1.1: Simple biometrics recognition system [1].
1.2 MOTIVATION

There are types of biometrics that are often used for security, like digital, iris and voice. Digital
and iris fit as a biometric of physiological characteristic, where it comes of something
immutable. In the case of the voice, biometrics of the physiological characteristics and also of
the behavior, enabling alternative methods, since speech offers a lot of flexibility and different
levels to perform recognition. For example, the system can force the user to speak about a

particular and different way for each attempt [1]. Another advantage of voice biometrics is that it

1



can be used at a distance, unlike other biometrics, an example is when you want to authenticate
or identify someone via phone. Each person's voice has unique characteristics like a fingerprint,
due to the formation larynx, vocal cords and the entire system responsible for the voice. In
addition to physiological differences, there are also differences in the way people speak, such as
accent, rhythm, intonation, pronunciation, choice of vocabulary and so on [2] Based on these

characteristics it is possible to recognize an individual, that is, recognize the speaker.

1.3 PROBLEM STATEMENT

Speaker recognition is commonly used in the field of verification or identification, but it can also
be used in other branches, such as classification, detection, segmentation, etc. The purpose of
verification is to find out if the person speaking is really who they claim to be, if the system must
be prepared for possible attempts at deception. In the case of identification the goal is to
distinguish a person from a group of previously registered people [3] Currently the branch of
verification is the most popular for speaker recognition due to its importance in security and

access control [4] so it will be the branch used in that job:

Capture Matcher Action

p Caplure
— — —
g 3{ Sample
Subject  Sensor
presents

biometric
characteristic

Compare

References Nonmatch

> Action

Reference
Database

Action

A

Figure 1.2: Traditional biromantics recognition system [3]

1.4 CONTRIBUTION

In this work we have designed and implemented a system whose main purpose is to detect the
signals of the human voice and recognize the identity of the speaker, we implement our scheme

using machine learning techniques where we extract the features of the speaker’s audio file and

2



then classify it into labels. In our work, we implement the algorithms on four individual voice
records from famous personals, the reason behind choosing these four voices is because they

have different sound attributes such as frequency and pitch.

1.5 THESIS ORGANIZATION

The thesis is structured as follows: Section 2 is where we review some of the previous work and
implementation on smart grids. Section 3 is where we give a background about all the
components. Section 4 is where we explain our model in details and implementation of that
model in details, Section 5 is where we simulate our model and record the results obtained.

Section 6 is where we conclude our work and put a future scope into perspective.



2. LITERATURE REVIEW

The technique for the process of translating cartesian coordinates to the polar co-ordinate system
of non-concentric circles, called the rubber layer, is defined in John Daugman et.al [9] and [10].
Automatic Speaker Recognition in recent decades has achieved significant success. Many works
were suggested to increase recognition rates based on various mathematical paradigms. (Tolba
et.al [11] Hidden Markov Model HMM applied it to classify the ten Arabic speakers where
speech signal description (MFCCs) was picked. During text-dependent experiments the
recognition rate was 100% and for text-independent experiments 80 percent. Dagrouqa et.al [14]
used the entropy packet formants and wavelet as inputs to a classification neural network. A
recognition rate was found for vowel-dependent 90.09 percent and for vowel-independent 82.50
percent. The GRNN General Regression Neural Network and the Back Propagation Neural
BPNN Network were used as classification devices Wu et.al [14] to identify 36 Chinese speaking
speakers using the EMD method of extraction by empirical mode decomposition. The first form
yielded 78.16 percent, while the second yielded 88.82 percent. As a classification algorithm, the
artificial neural network model NN is used Chen et.al [15] MFCCs function from the speech
signal was extracted. Then the input dimension is reduced and the redundant information is
removed with Kmean Linde-Buzo-Gray algorithm. Training network error was 0.015 where the
amount of the hidden layer is 950. Ge et.al [16] proposed the TIMIT 8K Database for neural NN
system to classify and verify text-independent speakers. The 39 (MFCCs) were generated from
the talk. The system was classified by 100%. The ANN Back Propagation Classifier (BPNN) is
used Wali et.al [17] seventeen MFCC features from 50 users are extracted and approximately 92
percent to 70 percent recognition exactness for 10 to 50 users is achieved. Multiclass-SVM-based
speaker cluster method Apsingekar et.al [18] has been proposed to provide a functional vector of
13 MFCCs, 13 delta CMS-MFCCs and RASTA-MFCCs. NIST-2002 speech corpus experiments
with 64 speaker accuracy amounted to 97 percent. SVM; GMM; and SVM are fused with a
GMM for speaker and language recognition on NIST 2003 data where 38 MFCCs and 36 LPCs
were used in describing the spoken signal; Campbell et.al [19] The SVM 6.46 percent EER error
rate was 7.47 percent for GMM and 5.55 percent for SVM/GMM. In addition to the
discriminative classifier SVM combined with the standard GMM pattern classification, the
combination has also been checked on 64 speakers in the TIMIT database, using a cepstral
function vector 39-dimensional MCC extracted from the speech Chakroun et.al [20]. They
4



reached an identification rate of 100 percent with just three pronunciations per speaker for the
training task in the second set of experiments. Campbell et.al [19] built a GMM supervector
support kernel for the vector machine. Experiments were conducted on the 2005 NIST speech
recognition (SRE) corpus, which included extracting from the pre-fixed speech signal a 19-
dimensional MFCC vector, an equivalent error rate (EER) of 5.68% and a minimum decision
cost value (minDCF) of 0.0222. In the context of the three acoustic features (RASTA-MFCC,
Gamma tone frequency cepstral coefficients GFCC and Mean Hilbert Envelope Coefficients
MHEC in different noisy conditions), Dhineshkumar et.al [21] proposed the GMM/SVM
automatic speaker identification efficiency. TIMIT phone-labeled database corpus experiments
were carried out. Accuracy was 70.32% for RASTA-MFCC, 68.49% for GFCC and 73.27% for
MHEC under street noise. In the context of GMM-UBM, an Arabic speaker recognition scheme
was introduced Algabri et.al [22] Thirty-nine MFCCs were used for extraction of features. All
tests have been carried out with speeches by 40 KSU Speech Database speakers. They obtained
an EER equal to 1.98 percent at approximately 97.8 percent using mobile channel recording.
Different deep characteristics are provided for text-dependent speaker verification Liu et.al [23]
These profound features are both implemented in the GMM-UBM and identity vectors. In order
to assess all processes, the RSR2015 database was selected. The optimal system is 0.1 percent
EER. Table 1. summarizes all these works. In device detection, prediction and monitoring,
ANFIS has the advantage of good applicability, capacity and performance. It was used in several
different systems. Since not many research projects have used it to recognize expressions. Some
of those who do this are presented, it is important to explore the use of ANFIS in speech

recognition and to investigate this subject more carefully.



3. MATERIALS AND METHODS

In this chapter we review some of the essential components that we used to implement our
model, we give a brief introduction to the component, and then we show how we simulate that

component inside MATLAB environment.

3.1 BIOMETRICS RECOGNITION

The recognition system has text-dependent, text-independent modalities or a variation between
them. In the case of text-dependent modality, the person must speak a word or a set of words that
were previously registered by the speaker in the system so that it is done the
acknowledgment. On the other hand, in the independent text modality, the system must identify
the person who is speaking independently of what is being spoken, that is, the system learns
exclusively the person's voice and not the combination of the voice and the text [5]. In this work,
the independent text modality will be used, as it is the most versatile and can be used in all
branches of speaker recognition [6]. With the recent popularity of machine learning and deep
learning, speaker recognition applications are getting more powerful. Machine training has

become faster and the number of qualified speakers has increased

L Biometrics\‘
=

Lt (ot )
- Age : —
L« Gender :@ | Behavioral | | Biological |
~ Ethnicity ~ Head ~ Signature t DNA
~ Height t Face ~ Voice Saliva
|, Facial Iris ~ Gait
Measurements | (Tand e
Fingerprint
hand geometry

Figure 3.1 Types of biometrics



[7] This makes machine learning a very attractive prediction tool for voice recognition, but it’s
not the only one, there are other approaches like using Dynamic Time Warping (DTW) [8]
Machine learning techniques are computational algorithms that identify patterns and models
through the analysis of a data set [9] Such standards and models can be used to make predictions
in various applications such as speaker recognition. In order to use machine learning algorithms,
it is necessary that the information of the voice goes through pre-processing. For this, a
technique is used to obtain characteristics of the voice signal. There are several techniques that
can be used to extract these characteristics, as Linear predictive coding (LPC), Mel frequency
cepstral coefficients (MFCC) and Linear Perceptual Coding (PLP) [10] Putting pre-processed
information as input from a machine that has already finished its learning process, the output is
obtained prediction that the speaker is who he claims to be or whether the speaker is the output,
depending on whether the application interest IS verification or
identification. The MFCC technique has been shown to be quite efficient to extract the
characteristics of the voice signal [11] therefore it will be the technique used in this work.
Performing a search for existing systems and scientific articles related to the theme of this work,
we found tools available for the development of speaker, such as Spear [12] and Alize [13] and
also ready-made applications like Microsoft Azure's Speaker Recognition APl and Ok Google ,
from Android operating system . However, these tools and applications, in some situations, are
paid for, run in the cloud, or not very flexible for speaker verification implementations with
modality independent of text. With regard to scientific articles, you can find several techniques
that use machine learning for speaker recognition [14] each focused on a respective application.
It is important to highlight that this work does not intend to propose tools for compete with those
previously mentioned, or propose techniques other than those found in the literature, but rather to
present an introductory to speaker recognition systems using some machine learning techniques,
highlighting important aspects in the implementation process and providing code samples to
assist future implementation work on this topic. For As such, we will use the Python
programming language with the Scikit-learn toolbox library and one of the most used in the

literature, we will give greater emphasis on the use of the Gaussian Mixture algorithm
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Figure 3.2 example of expert system in voice recognition [13]

3.1.1 Types of biometrics

Biometrics covers any type of measurement of physiological and / or behavioral characteristics
of the human body, it is usually associated with the recognition of people, as it is reliable and
convenient for use. Biometric information is personal information that is distinct from other
information by permanently linked to humans and most of the time resistant to changes
[22] Biometrics can be the size of a limb of the body, the way a person eats, distance between the
eyes or any other physiological and / or behavioral characteristic that can be
measure. Figure 1 shows some examples of behavioral, physiological and both biometrics
(voice). In the security area, the most important types of biometrics are those that can distinguish
one individual from all others, such as fingerprint, iris, retina, face, voice, etc. It is inherent that
biometrics are more reliable and more competent than techniques that use a knowledge base and
the based on token (username and password) in differentiating between authorized persons and

imposters, because biometric characteristics used for this purpose are unique [24]
3.1.1.1 Digital Printing

The fingerprint is the design formed by the papillae of the fingers, it is formed by the

accumulation of dead and cornified cells that constantly fade as a scale from the exposed surface

[24] An example of the design formed is Figure 2. The fingerprint is probably the type of
8
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biometrics that society in general is more accustomed to, being widely used for personal
identification, access control, check-in and check-out, etc. There are many types
of fingerprint scanners on  the market, including optical, electronic solid state and
ultrasound. These scanners started to be mass produced years ago and have low cost
[25] Because it is very consolidated, and also due to the cost, printing digital is widely used.
Even though it is quite advanced, digital printing has problems with fraud, because can be easily
replicated using advanced latex molding techniques. Another problem is the legibility of digital,
where many people who work with manual services do not have digital readable [26]

3.1.1.2 Irises

The iris of the eye carries a large amount of information, enough to distinguish a person. It's so
unique that even a person's two irises have different patterns [29] shows the information
contained in a small area of the iris. Iris The identification via the iris is done by positioning the
eye in front of a camera, which will use light to locate the iris, isolating other parts of the eye by
digital photography. After locating the iris it is analysis of segments of the iris was performed to
identify the person [30]question of positioning where the person needs to stand in front of and
close to the camera during a time, it is a disadvantage of use and something very invasive. The
iris has other problems, some eye diseases do not allow for correct analysis and a high quality

photo allows to defraud many systems [31]
3.1.1.3 Voice

Figure 1 shows that voice biometrics can be done based on behavior as well as in the physiology
of a person's voice. Physiological biometrics is due to the formation of the nose, mouth, larynx,
vocal cords and the rest of the anatomy responsible for the voice, making a person's voice only
[32] having enough information to be able to be used in systems security as a form of
authentication. The behavioral biometry of the voice is focused on the speech rate, accent,
language, etc Figure 4 shows a voice signal generated by a person, that voice signal was shaped
by the bodies responsible for the voice, leaving their characteristics in it, that is, information that
can be used to recognize a person. Unlike many biometrics, voice biometry is not very invasive,
as it is possible to recognize a person simply talking to him, having a device that is capturing

audio and running that application. An example would be talking to a bank manager, where he
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would have a microphone picking up the conversation. In this case, the system recognizes the
manager's voice, so it can separate the manager's voice with that of the customer, allowing
customer authentication simply by conversation, not requiring the client to provide personal
information so that he can make the desired procedures and if an imposter appears, the system
will notify the manager [33] The use of voice biometrics also has its disadvantages, as it is
necessary that the person be able to speak. Other situations that can present problems is when the
user has some voice problem, either because of a blocked nose because of an illness or because
the person is hoarse. In this work, we will focus on voice biometrics for person recognition,

usually called speaker recognition.
3.2 Speaker Recognition Concepts

Speaker recognition is a generic term used for any procedure that involves the recognition of a
person's identity based on their voice [33] An important mention to make is the difference
between speech recognition to speech recognition of speaker. In speaker recognition, biometric
characteristics are used to recognize an individual. In speech recognition, it is desired to
recognize what is being spoken in an audio, the only focus is the identification of words and
numbers present in the audio, that is, the desired information in audio is different between the
two recognition systems. This work is focused on the characteristics used for speaker
recognition. A speaker recognition system attempts to model the characteristics of the vocal tract
of a person. This can be done via a mathematical model of the physiological system of human
speech production or simply a statistical model with output similar to the characteristics of
human speech. Once the model is generated and associated with the individual, new instances of
speech can be compared with the model of the target person, having the model of other people as
a contrast to know the probability that the instance belong to the same person who generated the
target model. This is the fundamental methodology for all speaker recognition applications [33].
It is worth noting that speaker recognition uses the only biometrics that can be easily tested
remotely through the existing infrastructure, the telephone network. This makes very valuable
and incomparable speaker recognition in many real-world applications [33]

3.2.1 Speaker Recognition Branches
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Speaker recognition has many branches that are directly or indirectly related. In general, there
are 6 main branches, which are verification, identification, classification, segmentation, detection
and tracking. The branches can be used together. Verification is currently the most popular

branch for its importance in security and access control [33] .In this work, the branch

—eve

voiceprint

verification.
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Enrollment

Accept/Reject

Recognition

Claimed Identity
Figure 3.3 Security system based on sound biometrics
3.2.1.1 Verification

In a generic verification application, the person being verified first must identify, usually by a
method that does not involve the voice. The presentation of the Identity (ID) can be done, for
example, by providing the Personal Identification Number (PIN) or the user. Provided
identification, the system retrieves the vocal tract model that is related to that identification so
that the verification is done. That is, the person's voice will be compared with the model for
confirm (authenticate) that the person really is the individual of the past identity. This model is

called the target speaker model (target speaker model) [34]
3.2.1.2 Identification

There are two different types of speaker identification, the closed-set and open- set (open

set). Together, the voice is compared to the registered speaker model and returns the ID of the
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speaker who has the voice closest to the voice that was entered as input, that is regardless of the
person who spoke, even if he is not registered, a message will always be returned ID [35] The
open set identification can be seen as a combination of the closed set with the check. In this case,
identification of the same speaker is made as it is done with the closed set, where it is the ID of
the person closest to that voice is identified , then the voice test is performed on the verification
model related to that ID. The ID is only returned if the person passes the verification test [36]
The voice is used to locate the person's ID , after that the system works the same as it would if
the user had provided a PIN as commented in subsection 3.2.1.1.

3.2.1.3 Classification

The classification objective is a little more vague. The idea of this type of system is to classify

the speaker, which may be the age or gender of the person for example [37]
3.2.1.4 Segmentation

Segmentation is used to separate the parts contained in the audio. It could be music, speakers,
noise or any other sound present in the audio [38] An application in recognition of speaker would
be a conference, where it is necessary to separate the voice of everyone present in the audio.

After the separation, each speaker present can be identified and verified.
3.2.1.5 Detection

It is the act of detecting one or more specific speakers in an audio. So he is fundamentally the

segmentation junction with identification and / or verification [39]
3.2.1.6 Tracking

It has a subtle difference in relation to detection where the idea is to return at what point the
person spoke and how much was the duration of the speech, that is, mark (locate) at what times
and what period that an individual is present in the audio [40]

3.2.2 Modalities

Speaker recognition systems can be implemented using different modalities, in which they are

linked to linguistic use, context and other means. However, in a practical sense these modalities
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are only relevant for speaker verification [41] The following is presented succinctly the most

relevant modalities for speaker verification.
3.2.2.1 Text-dependent

In this modality the person must speak words or phrases that were used in his registration in the
system. The system learns and generates a model of the individual taking into account the
biometry of the voice of the person and also what is being said. This system only makes sense

for the verification branch [42]
3.2.2.2 Independent of Text

The text-independent speaker recognition system is the most versatile of all modalities. It is also
the only viable modality that allows it to be used for all branches of speaker recognition. The
system should recognize depending only on the characteristics of the tract regardless of the
person who spoke, even if he is not registered, a message will always be returned vocal of the
speaker and makes no assumptions about the speech text. As it is a system that does not depend

text, can easily be defrauded, as any good quality recording can system
3.2.2.3 Text-Prompted (Random Text)

It is a system that shows the speaker a random phrase and forces the speaker to speak that
specific phrase at the time of the test. This modality was created to fight imposters. If the speaker
cannot anticipate the requested phrase, he cannot prepare himself to be able to deceive the
system. This system only makes sense for the verification branch There are two main approaches
to this system. The first uses the dependent modality text to randomly generate phrases and
create a text dependent template for the generated phrase. This model will take into account the
speech content and the biometry of the voice. The second approach, is the use of a text-
independent speaker recognition system in conjunction with a speech recognition system. In this
case, it is necessary that the text present in the speech corresponds with the phrase requested by

the speech recognition system and that the speaker recognition system check the voice biometry

3.2.2.4 Knowledge-Based
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It is a modality that combines the independent text modality, or Text-Prompted, with speech
recognition system. In this case, the user must answer some questions that he should know, such
as the Individual Taxpayer Number (CPF), mother's name and others. The system of speech
recognition checks whether the answer is correct and the speaker recognition system checks
biometrics. This system is of greater importance for verification, but it can also be used in other

branches like detection, where you can search for audios of a speaker talking about certain topics
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Figure 3.4 Speaker voice recognition system [43]
3.3 Extracting Features from the Voice Signal

A voice signal has a large amount of information, but it is necessary to be able to extract the
important part of the information for an efficient and reliable system. In recognition of speaker
the important thing is to obtain the personal information that we call biometrics, having then a
focus greater in phonetics. In speech recognition on the other hand, it would be important to
obtain the information allows to identify phonemes or any other information that helps to
identify the content (words) of the audio. Before presenting the characteristics of the voice

signal, we will introduce the basic concepts of analog-digital conversion to the voice signal
3.3.1 Voice Signal

The extraction of the characteristics is done in an existing voice signal, so a very important factor
important is the audio quality. There are factors that influence audio quality, such as frequency

sampling, jitter , truncation error, overlap and noise.
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Below, some factors that influence the audio quality are briefly presented.
2.3.1.1 Sampling

The voice generated by a person is an analog signal, so sampling is necessary of the voice signal
so that computational operations can be performed on top of the signal. When making signal
sampling, the highest frequency of the signal should be considered, as it is necessary that the
frequency sampling rate is at least twice as high as the highest frequency of the signal so that it
does not occur signal overlap [44] Due to technical situations, analog telephony uses a sampling
frequency of 8 kHz, but they are of low quality audios, because in these cases the important thing
is the intelligibility and not the fidelity of the voice [45] The reason for the poor quality is the
lost information, some signal frequencies of voice require a higher sampling frequency so that
there is no overlap. Increasing the sample rate improves audio quality, but in increased
processing, a higher transmission rate when it comes to an application in real time, plus a larger

storage space.
3.3.1.2 Quantization

After sampling the signal still has infinite possibilities of amplitude and to make it digital it is
necessary to discretize the signal amplitude. The technique used for this is quantization, where
the signal amplitude value is replaced by a finite amount of values. The number of possible
values is 2 , where b is the number of bits used in quantization is an example of quantization of a
continuous analog signal over time, one can realize that the amplitude is no longer continuous
and becomes discrete. It is possible to observe in this figure the levels of quantization and
decision levels. The level of quantization is a value that can be represented in bits and the
decision level is the voltage range to which the signal belongs. This figure shows the
quantization levels of 147v and 148v and a sample value of 147.39 which will be represented by
the value 147v, as it is the representation that will have the smallest quantization error (-0.39v). .
By increasing the number of bits, it is possible to reduce the distance between the quantization
levels and how Consequently, decrease the quantization error and improve the audio quality. In
the same way as the rate sampling, the more bits, the more expensive the audio is in the

transmission network, in storage and processing

3.3.1.3 Noise
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Noise can be generated due to physical aspects or the environment where the audio is
captured. THE noise generated by physical aspect may be due to the quality of the microphone
that was used for the capture audio or the medium in which the audio signal is transmitted. The
noise generated by the environment would be when the environment itself has background

sound, such as close people talking or any other type of sound
3.3.2 Techniques for Extracting Characteristics from Voice Signal and MFCC

The characteristics of the voice signal can be used for both speaker recognition and for speech
recognition. These characteristics make up the behavioral and physiological biometrics, but they
also have characteristics that allow to recognize speech This work has focus on physiological
biometric characteristics. In a voice signal there is a large amount of information strongly
correlated or that is not essential for understanding the message, an example of non-essential
information is silence which reduces system performance and can cause unexpected results In
this way, it is It is convenient to remove excerpts of silence from the voice signal. A good part of
the information present in the voice is related to the vocal characteristics of the speaker, so the
job of speech recognition is to try to filter that information irrelevant signal and interpret the
message being transmitted. Recognition systems speaker, on the other hand, seek to use all the
information contained in the signal that makes it unique The characteristics obtained from the
voice signal must be sufficient to achieve recognition good quality, but in large quantities
generates the need for more processing, which can be a problem for real-time scans [46] One
way to acquire characteristics of the voice signal is using a technique of characteristics short-
term spectral (short-term spectral features ). Short-term spectral characteristics, of frame
computation between 20 and 30 milliseconds in duration. These characteristics are usually
spectral envelope descriptors short period ( short-term spectral envelope ), which are acoustically
correlated with timbre, such as the resonance properties of the vocal tract [47] The reason for the
separation of audio into small frames is due to the constant variation in the voice. Separating in
small frames a variation of the signal and its characteristics relatively stationary facilitating the
extraction of characteristics. Next, a brief explanation of two important characteristics for
speaker recognition, the resonance of the vocal tract and timbre. The resonance of the vocal tract
is about the fundamental frequencies generated by the vibration of the vocal cords in a certain

length of time, it depends on the characteristics of the air flow, vocal tract shape, shape and
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tension of the vocal cords at the time observed by having great importance for short term spectral
characteristics, since the fundamental frequency varies from person to person. The timbre is the
harmonic content that is related to the location of formants and their featureshaving a direct
relationship to the resonance of the vocal tract. You can see the importance of timbre in speaker
recognition with analog telephony, where the frequencies above 3.4 kHz. In this case, there is no
difficulty in understanding what is being said, but it is difficult to identify the person who is
speaking, because a large part of the harmonics of the voice were filtered. There are several
techniques for extracting physiological characteristics from the voice signal such as MFCC,
LPC and PLPbut for a limited time, we will focus only on the MFCC, which is widely used in
the type of application proposed In this job.

3.4 Machine Learning

On the internet you can find several interesting definitions about machine learning, among them
we can mention the Google Cloud (2017), " Machine learning is functionality that helps software
perform a task without explicit programming or rule "and by the authors [46] " The field of study
interested in the development of computer algorithms to transform data into intelligent action is
known as machine learning ". With these definitions we can say that machine learning
techniques can be used to teach a computer to make future decisions based on characteristics of a
given available data set. Machine learning techniques can be classified as supervised,
unsupervised and by reinforcement. Supervised learning techniques are those in which the
training process is performed with a data set that has one or more independent variables (inputs)
and one or more dependent variables (outputs), in which both inputs and outputs are known.
These techniques can be used to solve regression problems, where you want to predict data
numerical problems, or in classification problems, in which it is desired to predict categories [3].
In unsupervised learning, the model generation process is performed with a set of data in which
only inputs are provided. These methods can be used for problems where you want to identify
useful patterns in the data and for segmenting groups with similarities, for example [47]
Reinforcement learning techniques will not be covered in this work. Succinctly, these techniques
work with a training process carried out from rewards in interactions with the
environment. Examples of use can include game optimization, among others. In this work, the

system can be seen as a classifier, as recognition is done for verification, where the output of this
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system classifies whether the incoming voice matches or does not match the voice being
verified. Taking this into account, following we will present some machine learning techniques

that can be tested in this work.

Machine
Learning
1. Supervised 2.Unsupervised 3. Semi-Supervised 4.Reinforcement 5. Deep
Learning Learning Learning Learning Learning
; . - mamic
Regression Clustering Self Training Pm?;:}mmmjng CNN
Low Density
et Dimensionality i Monte Carlo
Clmaification Reduction e Methods RNN
Graph Based Heuristic
Algorithms Methods

Figure 3.5 Types of machine learning [15]
3.4.1 Machine learning algorithms
3.4.1.1 Support Vector Machines

The Support Vector Machines (SVM) is a classifier that models decision limits between classes
via hyperplane [49]For example, Thinking about Cartesian plan, the hyperplane separator
separates the plane in two, where one side of the plane belongs to a class and the other belongs to
the other class, as can be seen in Figure 9. If multiple limit solutions exist SVM addresses this
problem through the concept of margin for which it is defined to be the shortest distance between
decision limits and any other sample. The decision limit chosen must be that which has the
maximized margin The vectors support (support vectors) are vectors corresponding to the
maximum margin of the hyperplane. In Figure 9 would be the vectors X aand X b . After
training the rest of the vectors can be discarded as they make no difference to the decision limit
decision, then it is necessary to try to find the one that generates the least amount of

generalization errors. In speaker verification, a class consists of the target speaker's training
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vectors and the other class consists of the imposter speaker vectors. Using these vectors labeled
by their classes, SVM finds a hyperplane separator that maximizes the separation margin
between the two classes also shows the separation made when it comes to two classes that are
linearly separable in the original input plane (X 1 and X 2), but this is often not the case. In
these situations, The kernel functions that allow the computation of the internal products of two
vectors in the feature of the kernel , which has a larger dimension space than the input space. On
a larger space, it is easier to separate the two classes with a hyperplane. Someway intuitive, a
linear hyperplane in the kernel characteristic space corresponds in decision limit in the original

input space, an example would be the MFCC space [50].
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Figure 3.6 SVM classification [24]
2.4.1.2 Naive Bayes

Naive Bayesis a model in which the training data entry characteristics are considered
conditionally independent to simplify the model structure. Because of this consideration, one can
simply apply equation 2.2 adapted from With this equation is calculated the probability of being
the real speaker given the input characteristics. P ( X)) is the marginal probability of the input
characteristics, P ( Fantee ) is the marginal probability of being the real speaker and P ( X | F
alante ) is the probability of the real speaker displaying the input characteristics. In case There
are only two classes of verification, so it is only necessary to apply the equation once, since
knowing the probability of being the real speaker, we also know the probability of not being the
real speaker and the desired one is to locate the class that is most likely to be classified.
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P (False|X) = P(X|Fante) - P(Fante) P (X) (2.2)

The assumption of conditional independence in the model is clearly strong, which can lead poor
representations of the conditional densities of the classes. Even if the assumption is not precisely
satisfied, the model can still provide good performance in practice because the decision limits

may be insensitive to some of the details in class conditional densities.
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Figure 3.7 Naive bias Classification [16]
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3.4.2 Fuzzy logic

Fuzzy logic arises from the theory of fuzzy sets, the basis for the development of the linguistic
approach [26], and its truth values can be intermediate between the true and false values. In this
way, fuzzy logic, unlike propositional logic, is not dichotomous, it quantifies truth values and has
the ability to deal with approximate causal inference [27]. Fuzzy logic is the basis for rule-based
fuzzy inference systems [28]. These are essentially made up of inputs, outputs, membership
functions, and inference rules. Through these components and their configuration, the estimated
output values are obtained as approximate truth values for the classification, according to the

input values. The design process of a fuzzy model involves the definition of the set of inputs and
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outputs of the fuzzy system, as well as the position, shape and domain of its membership
functions and the rules of inference. Classification with a low margin of error depends on the
design of the system, which may depend on the judgment, testing, and validation of experts in

the particular area of research [29].

Unlike the neural network approach, fuzzy systems can be interpretable [28], which makes them
useful in problems control panel with high interpretability. This allows the description of the
outputs in terms of the inputs, inference rules, and membership functions. The certainty in the
description of the outputs will depend on the performance value of the fuzzy classification
system. However, the interpretation of a fuzzy system can be difficult if its structure is highly
complex [30]. The structural complexity of a fuzzy system depends proportionally on the number
of inference rules and membership functions at inputs and outputs. The fuzzy models proposed
in this article have a structure of moderate complexity to avoid obstructing their interpretability.
In recent decades, the application of fuzzy sets has been ignored in the field of natural language
and speech processing, and the usefulness and contribution of fuzzy logic in applications related
to the processing of speech signals has been questioned [ 31]. However, the evolution of
computing and technological contributions in recent years have favored the fuzzy logic approach

for its use in various fields of study [32].
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Figure 3.8 Fuzzy membership function [28]
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3.4.3 PSO algorithms

The particle swarm optimization algorithm is inspired by emerging social behavior that can be

observed in flocks of birds and schools of fish of some species [40].

The population is composed of particles, the position of each of them being a solution point in
the space of possible solutions of a number of dimensions equal to the number of parameters of
the problem. In each iteration the best position of each particle is updated (best individual
position), and the best position of the swarm (best global position). With these values the

velocity of each particle is calculated using equation (4).

v (n+1)=w(n)v(n)+ Bz, —z.(n))

+B?(1)(E_E(n))
Where:
i is the index of the individual.
n is the iteration index.
vi is the velocity of the i-th individual.
Xi is the position of the i-th individual.
w n ” his the inertia function.
X pi is the best position of the i-th individual.
Xg is the best position in the swarm.
b are random values between 0 and 1.
Once the velocities have been calculated, the position of each particle is determined for the next

iteration using equation (5).

E(n+ 1):§£(n)+v_:-(n+1)
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Where wmax and wmin are the maximum values and Inertia minima and N is the total number of
iterations. The flow chart describing the operation of the particle swarm optimization algorithm

is shown.

Particle Swarm Optimization (PSO)

Flow chart depicting th; General PSO Algorithm:

é
—_
=

Figure 3.9 PSO workflow [28]
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4. PROPOSED METHOD

The purpose of this work is to be an introductory to speaker recognition systems, showing
important aspects to build a system that uses machine learning techniques to find patterns,
describing available tools and providing sample code that may be used in future work. The
speaker recognition system considered in this the work will be based on verification applications
using the independent text mode. Speaker models will be generated using different machine
learning algorithms. The PSO algorithm will be the most analyzed, as it has shown good
performance in applications of speaker verification in independent text scenarios, according to
the literature. We will also do a detailed explanation of the available tools that can be used for

this purpose.
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Figure 4.1 Fuzzy logic model.

At this point, the objective is to show the reader the advantages and limitations of the available
tools. The tool we intend to use for the development of the system proposed in this work is
the Scikit-learn toolbox, available for Python. The scikit-learn a free tool that enables the use of

machine learning for non-specialists through the programming language of high level [51]
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Figure 4.2 Proposed Recognition model

There are free development tools focused on speaker recognition, for example, Spear and Alize,
but that do not give much freedom in adjusting the algorithm that generates the models. There
are also ready-made applications like Speaker Recognition API, from Microsoft Azure that is
paid and machine learning is completely abstracted, having an Interface Application
Programming (API) which is used for both training and testing. Because we want a free tool that
also allows greater freedom in changing machine learning parameters in development, the Scikit-
learn toolbox was chosen for the development. For the other tools mentioned there will be a
description and also a comparative analysis with the developed system. Initially we will model
the system according to Figure 10 for the PSO and according to with Figure 11 for the other
machine learning algorithms. GMM is not a classifier, therefore a modeling technique will be
used that uses a background model in conjunction with the target speaker model to make the

classification.

4.1 DATASET

In this work we implement our algorithm on 3 different datasets, the we evaluate the results of
these datasets in the next chapter, these dataset contain multiple voices of famous people yet in

25


https://translate.googleusercontent.com/translate_f#7
https://translate.googleusercontent.com/translate_f#30
https://translate.googleusercontent.com/translate_f#30

our model and to avoid confusion, we experiment with only 4 different voices each has a unique
pitch and frequency, the datasets are:

Gender Recognition by Voice: This database’s goal is to help systems identify whether a voice is
male or female based upon acoustic properties of the voice and speech. Therefore, the dataset
consists of over 3,000 recorded voice samples collected from male and female speakers.

Common Voice: This dataset contains hundreds of thousands of voice samples for voice
recognition. It includes over 500 hours of speech recordings alongside speaker demographics. To
build the corpus, the content came from user submitted blog posts, old movies, books, and other
public speech.

VoxCeleb: VoxCeleb is a large-scale speaker identification dataset that contains over 100,000
phrases by 1,251 celebrities. Similar to the previous datasets, VoxCeleb includes a diverse range
of accents, professions and age.

The datasets can be downloaded from the links below:
https://www.kaggle.com/primaryobijects/voicegender

https://www.kaggle.com/mozillaorg/common-voice

https://www.robots.ox.ac.uk/~vqg/data/voxceleb/
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The background model reports the probability of input signal belongs to an imposter and can be
created for each  registered speaker or can be made a universal
model. The Universal Background Model (UBM) is the most prevalent approach at the time [52]
where a single background template is created for all speakers. This model is created in the same
way that the speaker model is created, and the audio samples used are chosen at random from the
available training data. VVoice samples from UBM will be distributed so that half are women and
half are men, in order trying to prevent the system from working better for one of the genres. In
both models, there is a voice signal as input and a Front-end processing. THE Front-
end processing is about extracting the characteristics of the voice signal (MFCC) and the
withdrawal of useless information that can impair speaker recognition, for example, silence [53]
The database used in this work will be the English Language Speech Database for Speaker
Recognition (ELSDSR), which is a database dedicated to speaker. This database has the audio
recording of people reading a single reading session, as well as com has a relatively extensive

amount of audio samples to learn the features.
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5. SIMULATION AND RESULTS

Tables 5.1, summarize the performance results in each option for each bio-inspired algorithm,
regardless of the fuzzy classification model. The results of the best optimized fuzzy classification
models found by option in each algorithm are specified in tables 5.2, and the best option and
model are determined based on their performance indicators. The best results per model are
shown in Table 5.3 with the bioinspired algorithm and data set used to achieve each of its
indicators. Table 5.4 shows the average results by number of inputs and the average results of the

models with a common input.
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Table 5.1: The performance results in each option for each bio-inspired algorithm

Time better in choice

Average of indicators per

GA
EP EA MSE EP EA MSE
1 | 43.75% 52.94% 50.00% 62.39% 72.25% 18.07%
A 2 31.25% 41.18% 37.50% 62.71% 72.50% 17.81%
3 | 12.50% 0.00% 6.25% 58.38% 65.38% 20.36%
4 12.50% 5.88% 6.25% 59.48% 68.88% 19.87%
1 37.50% 25.00% 37.50% 63.27% 71.13% 17.36%
2 50.00% 50.00% 56.25% 63.90% 74.25% 17.47%
B 3 | 12.50% 10.00% 6.25% 59.61% 64.63% 19.78%
4 0.00% 15.00% 0.00% 59.52% 67.88 19.74%
1 | 43.75% 57.89% 50.00% 68.80% 76.13% 15.18%
C 2 25.00% 26.32% 31.25% 64.69% 73.50% 16.70%
3 | 12.50% 0.00% 12.50% 62.11% 68.38% 18.63%
4 18.75% 15.79% 6.25% 63.01% 70.25% 18.25%
Total | 1 | 41.67% 44.64% 45.83% Final Average
s 2 35.42% 39.29% 41.67%
3 | 12.50% 3.57% 8.33% 62.32% 70.43% 18.27%
best | 4 | 10.42% 12.50% 4.17%
Best
set of 1 1 1
data
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Table 5.2: The best option and model are determined based on their performance indicators

DE Time better in choice Average of indicators per
EP EA MSE EP EA MSE
1 | 50.00% 50.00% 56.25% 65.75% 74.50% 16.43%
2 | 25.00% 22.73% 18.75% 64.86% 72.63% 17.06%
A 3 6.25% 4.55% 6.25% 61.93% 68.25% 18.51%
4 | 18.75% 22.73% 18.75% 63.29% 71.75% 17.94%
1 | 37.50% 44.44% 50.00% 56.86% 73.38% 16.53%
8 2 | 25.00% 27.78% 31.25% 63.70% 71.50% 17.69%
3 0.00% 0.00% 0.00% 59.05% 66.63% 20.00%
4 | 37.50% 27.78% 18.75% 63.30% 71.75% 17.91%
1 | 31.25% 50.00% 37.50% 63.43% 72.75% 17.29%
2 | 37.50% 25.00% 25.00% 62.63% 72.38% 18.04%
¢ 3 | 6.25% 0.00% 6.25% 59.31% 66.25% 19.89%
4 | 25.00% 25.00% 31.25% 62.36% 69.38% 18.65%
1 | 39.58% 48.21% 47.92% Final Average
TOtaI 2 | 29.17% 25.00% 25.00%
tl;r:: 3 4.17% 1.79% 4.17% 62.96% 70.93% 18.00%
4 | 27.08% 25.00% 22.92%
Best
set of 1 1 1
data
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Table 5.3: with the bioinspired algorithm and data set used to achieve each of its indicators

HS Times better in choice Average of indicators per
EP EA MSE EP EA MSE
1 | 37.50% 25.00% 43.75% 58.33% 66.25% 19.90%
2 | 43.75% 25.00% 25.00% 59.05% 67.25% 20.10%
A 3 0.00% 6.25% 6.25% 55.82% 60.88% 21.81%
4 | 18.75% 43.75% 25.00% 58.31% 67.00% 20.44%
1 | 37.50% 36.84% 43.75% 58.82% 69.25% 19.56%
8 2 | 37.50% 31.58% 37.50% 59.08% 69.13% 20.01%
3 0.00% 5.26% 0.00% 55.14% 60.00% 22.15%
4 | 25.00% 26.32% 18.75% 58.60% 66.50% 20.57%
1 | 50.00% 38.89% 50.00% 60.44% 68.63% 19.03%
2 | 12.50% 44.44% 18.75% 58.73% 69.63% 19.89%
¢ 3 | 18.75% 11.11% 25.00% 56.84% 61.50% 21.28%
4 | 18.75% 5.56% 6.25% 57.67% 64.25% 21.22%
1 | 41.67% 33.96% 45.83% Final Average
Total 2 | 31.25% 33.96% 27.08%
tg:: 3 6.25% 7.55% 10.42% 58.07% 65.85% 20.50%
4 | 20.83% 24.53% 16.67%
Best
set of 1 1 1
data
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Table 5.4 shows the average results by number of inputs and the average results of the models

with a common input

h Times better in choice Average of indicators per
2
?) EP EA MSE EP EA MSE
- 1 | 31.25% 25.00% 43.75% 64.19% 71.13% 17.36%
A 2 | 31.25% 35.00% 31.25% 62.61% 71.75% 18.18%
3 6.25% 0.00% 6.25% 59.80% 63.63% 19.72%
4 | 31.25% 40.00% 18.75% 62.96% 70.50% 18.69%
1 | 37.50% 44.44% 56.25% 63.19% 71.75% 17.50%
. 2 | 37.50% 27.78% 31.25% 62.54% 71.63% 18.17%
3 6.25% 5.56% 12.50% 58.83% 64.63% 20.13%
4 | 18.75% 22.22% 0.00% 61.92% 69.75% 19.52%
1 | 43.75% 38.89% 50.00% 64.83% 72.13% 17.00%
2 | 25.00% 33.33% 31.25% 63.25% 72.75% 17.87%
¢ 3 | 0.00% 0.00% 0.00% 58.58% 66.88% 20.24%
4 | 31.25% 27.78% 18.75% 63.48% 73.75% 17.92%
1 | 37.50% 35.71% 50.00% Final Average
TOtaI 2 | 31.25% 32.14% 31.25%
tg:: 3 4.17% 1.79% 6.25% 62.18% 70.02% 18.53%
4 | 27.08% 30.36% 12.50%
Best
set of 1 1 1
data
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Form the simulations above It can be concluded that The data sets from highest to lowest
performance are 1, 2, 4 and 3. allows us to infer that pure signal processing is undoubtedly the
best option, and that a signal averaged over 10 periods above do not have the information that is
required in the classification process. The highest performing proposed model is number 1,
followed by models 2, 7 and 3. All of these use three inputs and the sets of data 1 and 2. The
proposed model with the lowest performance is number 14, followed by models 4, 10 and 12.
These models had better results with data sets 3 and 4. Models with more than three inputs fail to
overcome to the top four best models. This can be attributed to the size of the search space, since
it is proportional to the number of entries in a fuzzy model, despite having a larger amount of
data for classification. The model obtained with the best performance was obtained with genetic
algorithms in model number 1, it had an MSE of 10% and it achieved a pure accuracy close to
88%. The most influential entries for classification success are EE, STE, and ZCR. Hit accuracy
is a performance indicator for which a precisely optimized fuzzy model cannot be assured; pure
accuracy is used for this purpose. The entry that best characterizes the gender of a voice signal is
STE. The entry that least manages to characterize the genre of a voice signal is PSC. The GA,
DE and PSO algorithms had close average performances. DE obtained the best average of
performance indicators. The HS algorithm obtained the lowest performance. This means that the
number of iterations that this requires to achieve convergence to global minimums must be
greater than that of the other algorithms. The best options for the GA, HS, DE, and PSO
algorithms are options C, C, B, and A, respectively. According to the interpretation of the best
optimized model, the ZCR value tends to be lower in male voices. According to the
interpretation of the best optimized model, a high value of ZCR together with a low value of
STE better describes female voices. This scheme can be used to classify outputs other than
gender and its description based on the inputs of the models as an advantage of its

interpretability.
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6. CONCLUSION

Speaker recognition is the process of automatically determining who is speaking by using the
information contained in the sound signal. Speaker recognition is divided into speaker
verification and speaker identification. Speaker verification is the process of determining
whether a given voice sample belongs to the alleged person, and speaker determination is the
process of determining which of the persons previously registered in the system. In addition,
speaker recognition operations can be divided into two groups, independent of the text or
dependent on the text. While different sentences or words are used in the training and testing
stages of the system in text-independent speaker recognition systems, the same sentence or
words are used in text-dependent systems both during training and testing. The usage areas of
speaker recognition systems are quite common. For example, in recent years, it has been used in
many fields such as telephone banking, voice calling, telephone shopping, database access
services, remote voice control of computers and, one of the most important, forensic
applications. As a pattern recognition problem, speaker recognition is a more difficult application
compared to other problems, as the sound signal changes very frequently (not being stable) over
time and is easily affected by factors such as ambient noise and weather conditions. The fact that
the sound signal is not stable forces system designers to process the signal in short time intervals
(10-20 ms) and this necessity causes the data sizes to be quite high. Large data sizes increase the
working time of classifiers. Therefore, the classification method used in a speaker recognition

system is expected to yield both high performance and fast results.
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