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General characteristic of the dissertation

Relevance of the problem. Problems of speaker recognition become more
and more relevant all over the world. These problems arise in criminology,
information protection; it can be used in entrance control systems, mobile
banking and e-commerce. A big attention is paid to speaker’s recognition all
over the world, both intellectual and material resources are allocated, various
testing centres have been established. If other kinds of biometrics need special
expensive equipment, voice biometrics does not need it.

In spite of great achievements in speaker recognition technology there is
no theory created on how does human separate one voice from the other and
there is no system of features created that would let separate two voices having
different phrases, speaking environment, sound recording channels and so on.

Voice biometrics gives worse results compared to other kinds of
biometrics but it could be widely used. Therefore investigations in that field
should be made.

Aim of the work — to perform analysis of speaker recognition systems and
to propose solutions to increase the accuracy and efficiency of speaker
recognition system.

Tasks of the work. In pursuance with this aim the following issues were
dealt with:

1. Algorithm of automatic speech activity detection.

2. New and effective system of features that should increase recognition
accuracy and reduce amount of calculation.

3. Method of calculation of initial parameters when creating speakers
models.

4. Experimental results of proposed methods and compare it with
baseline methods.

Scientific novelty

e Automatic method of speech activity detection that is fast and does not
require any additional actions from the user.

e System of features that combines vocal tract parameters and excitation
parameters. As excitation (source) parameter pitch was used. Four
formants and three antiformants were used as vocal tract parameters.

e Method of evaluation of initial GMM parameters. They are calculated
using modified LBG Vector Quantization method.



Methodology of research includes mathematical analysis, probability
theory and statistics, digital signal processing and pattern recognition theory.
The speaker recognition system was built using Borland development
environment Turbo C++ 2006.

Defended propositions
e Proposed system of features that consist of excitation source and vocal tract
parameters.
e Proposed speech activity detection (SAD) method.
e Proposed method for estimation of initial GMM parameters.
o Created software for automatic speaker recognition.

The scope of the scientific work. The scientific work consists of an
introduction, four chapters, conclusions, references, list of publications. The
total scope of the dissertation — 124 pages, 58 pictures, 8 tables. The
dissertation is written in Lithuanian.

1. Automatic speaker recognition systems

Abstraction of automatic speaker recognition system is shown in Fig. 1.
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Fig. 1. Structure of automatic speaker recognition system

This system operates in two different modes: fraining and recognition. In
training mode new speaker is enrolled to the system. Model of the speaker is
created and stored in system‘s database. In recognition mode unknown speaker
gives speech input and system makes the decision about speaker’s identity. In
both modes feature extraction is performed first. Feature extraction converts
speech signal into some numerical descriptors, so called feature vectors, that
represent speaker‘s individuality. During training phrase speakers model is
created from the feature vectors. There are lots of methods of speaker modeling.



In the recognition phase feature vectors are calculated from the unknown
speaker’s voice sample. After that in the pattern matching similarity score is
calculated between unknown speaker’s speech vectors and models stored in the
database. The last step is decision making. Decision module makes decision
about speakers’ identity according to similarity scores.

2. Analysis of the speaker recognition system

The Gaussian mixture model (GMM) approach was used for speaker
modeling and pattern matching in our recognition system. The choise have been
made with notion that a linear combination of Gaussian basis functions is
capable of representing a large class of sample distributions. Distribution of
components of feature vectors cannot be precisely approximated with functions
of simple standard distribution. Also this statistical method is text-independent.

The main drawback of GMM method is big amount of calculations
especially in parameter estimation procedure using standard expectation —
maximization (EM) algorithm.

3. Implementation of the recognition system
3.1. Main tasks in design of automatic speaker recognition systems

There are three main tasks that must be solved in designing of automatic
speaker recognition system:
e Voice activity detection algorithm.
e Design of system of features.
e  Speaker modeling and pattern matching algorithm.

3.2. Voice activity detection algorithm

Voice activity detection (VAD) is very important stage in speech/speaker
recognition process. ,,Speech detector is used in speech/speaker recognition
systems and it‘s task is to find frames of the signal that corresponds to the
speech and separate it out of noise for further processing. Feature vectors
should be calculated from the signal frames that correspond to the speech.
»Speech detectors” differ according to features and classification method they
are using.

Simple traditional methods like energy threshold or zero crossing rate do
not provide desired results especially in the case of bad recording conditions.
Complicated methods, like using HMM and so on are not fast, besides often



they are not fully automated and require patterns of speech and noise for system
training.

We propose fast and fully automated algorithm of voice activity detection.
Algorithm of proposed method is shown in Fig. 2.
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Fig. 2. Voice activity detection algorithm

The first step is removal of non-signal frames. Sometimes in digital
recordings there are parts of the signal, where zero values are written or there is
quantization noise of analog/digital converters. These parts should not be
analized because there is no background noise or speech signal. Maximum of
signal amplitude is calculated in the frame and compared with threshold, equal
to 130. If this value is less than threshold, frame is eliminated from further
calculations.

Second step is calculation of mel-frequency spectrum (MFSC). The Fast
Fourier transform of the signal frame is calculated first. Then MFSC is
calculated using triangular overlapping filters, formed by mel-frequency scale.
Number of filters is 33.

512

E(m.i)= | X (m.k)[H(i.k), Q)]
k=1

where X;(m,k) — Fourier transform of m-th frame, 1<i<33, 1<m<M -1,
M — count of frames, H(i, k) — function of triangular filters.

Third step is calculating threshold of background noise and removal
frames of background noise. Average energy of MFSC for every frame m is
calculated first:

E, (m)= %iE(m i)- 2)



Then 10 frames with minimal values of E, are found. These frames
correspond to background noise. Then mean value of 10 frames is calculated for
every component of mel-frequency spectrum:

iE(m,i)
o = — 3)
10

And threshold for the background noise can be expressed:
1 33 (4)
Thr=2-—>» E, (i)-
r=2 5 250

Then the average energy of MFSC of every frame m is compared against
threshold 7hr. If it is less than threshold, frame is considered as background
noise and is not used in further calculations.

Next step is removal of impulse noise. Sounds that are shorter than 15 ms
are removed and do not used in further calculations.

Next step is calculation of pitch. Frequency — domain method is used there.
Every frame is multiplied by Hamming window, then the filtering using band-
pass filter is applied. Frequency range of filter is 60-3 300 Hz. Then LPC
analysis of 8-th order is performed and inverse filtering using LPC parameters
is applied. After that we get excitation signal. This signal is filtered with 32
order low — pass filter with cut-off frequency at 2 000 Hz. Then Fast Fourier
transform is applied to the filtered excitation signal and we get spectrum of this
signal. Correlation function of the spectrum is calculated. The distance between
two peaks of the correlation function corresponds to the pitch.

The last step is voicing score estimation. If pitch value is in the range
60-500 Hz, frame is considered as voiced and is used for further calculations in
the feature extraction.

Fig. 3 shows operation of proposed voice activity detection algorithm is
shown. Signalogramm and segmented parts of the signal after removal of non-
signal frames, background noise and impulse noise are shown above. These
parts are marked with rectangles. Pitch contours are shown below. Parts of the
signal where pitch value is equal to 0, were segmented using algorithm,
mentioned above, but there values of the pitch were not found, so these frames
of signal are discarded too in feature extraction phase.
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Fig. 3. Illustration of the segmentation algorithm
3.3. Design of system of features

Feature extraction is very important phase in speaker‘s recognition. There
are lots of features, that are used in speech/speaker recognition systems: LPC
parameters, LPC cepstrum (LPCC), mel-frequency cepstrum (MFCC), formants
and so on. We realized two systems of features in our speaker recognition
system:

e Standard MFCC (baseline in speaker recognition).

e Proposed system of features: four formants, three antiformants and

pitch.

MFCC are calculated in standard way. Hamming window is applied to the
frame of signal. Then spectrum of the frame is calculated using FFT. Size of
FFT — 512 points. Filter bank of overlapping triangular filters, allocatel by mel
frequency is formed and Fourier spectrum in frequency domain is multiplied by
these filters. Thus we get mel-frequency spectrum coefficients (MFSC). To get
MFCC we apply discrete cosine transform to the MFSC. We used 25
overlapped triangular filters and order of MFCC is 13 (these parameters can be
changed).

If we look at the Fourier spectrum of the signal frame we will see there
some peaks, that are called formants. In frequency range of 200-5 000 Hz we
can see 3—5 maximas. Each formant corresponds to a resonance in the vocal
tract.

Positions of the formants are well seen if we look at transfer function of
the vocal tract. We can calculate transfer function from the LPC parameters,
that corresponds to the vocal tract.

10
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Fig. 4. Fourier transform of signal frame and transfer function calculated from
the LPC parameters

In the left side of Fig. 4 Fourier transform of the signal frame of the vowel
A is shown. In the right side transfer function calculated from the LPC
parameters of this frame is shown, where positions of the formants are seen
visibly.

Calculation of the formants is a trivial task. This is because maximas of the
spectrum disappear in certain conditions and their calculation from the envelope
of the spectrum becomes imposible. Method of the line spectral pairs was used
for this purpose.

In the Fig. 5 signalogramm, spectrogramm and line spectral pairs of the
phonemes A E and I are shown.
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Fig. 5. Signalogramm spectrogramm and line spectral pairs

As we can see in Fig. 5, spectral pairs enshroud formants, so frequency of
spectral pair can be assigned to corresponding formant. Lets denote frequency
of N-th spectral pair as LSF(N), frequency of M-th formant as F(M), frequency
of K-th antiformant as ANF(K). We used such evaluation of formants and
antiformants:
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F()= LSF(2);
F(2) = LSF(5);

F(3) = LSF(8); Q)
F(4) = LSF(11);

ANF ()= (LSF(2)+LSF(3))/2;

ANF(2)= (LSF(5)+LSF (6))/2;

ANF(3)= (LSF(8)+LSF(9))/2.

Dispersion of higher formants and antiformants is bigger, so to “equalize”
dispersions of all formants and antiformants, we calculate them in mel-
frequency scale.

Our proposed system of features consists of four formants, three
antiformants and pitch value.

3.4 Speaker modeling and pattern matching

The Gaussian Mixture Models (GMM) approach was used for speaker
modeling and pattern matching. One of the problems is calculating of initial
parameters of GMM. There are no good theoretical ideas to solve this problem.

Parameter initialization in recognition system is performed dividing space
of feature vectors into the non-overlapped clusters. Statistical parameters of the
clusters like mean and standard deviation are assigned as initial parameters of
GMM. Mixture weight is calculated as ratio between count of feature vectors in
the corresponding cluster with count of all feature vectors. Count of clusters is
equal to count of components of GMM.

Assuming T; — size of i-th cluster (count of feature vectors in this cluster),

T — count of all feature vectors, )?i, , — t-th feature vector in cluster i. Then initial

parameters of i-th component of GMM can be expressed:

1 T;
i =— (6)
A= 2%
=,/—Z(x,, Ay M
p,:% (8)
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Fig. 6. Clusterization process

We propose to use modified vector quantization (VQ) approach for GMM
parameters initialization. This approach is similar to standard LBG method,
difference is that count of clusters (centroids) increases by 1 in every iteration
“dividing” centroid with maximum distortion. Initial space of feature vectors is
dividing in clusters where feature vectors of similar parts of signal are grouped.
Fig. 6 shows clusterization process.

There are three phonemes recorded — A E and I. Count of clusters is equal
to 4. As seen in Fig. 6, after clusterization, frames of noise are assigned to the 0
cluster. Most of frames of phoneme A are assigned to the 2-nd cluster. Frames
of phoneme E are assigned to the 3-rd cluster and frames of phoneme I are
assigned to the 1-st cluster. So, vector quantization groups similar parts of the
signal and every component of feature vector of similar sound can be
approximated by individual Gaussian distribution.

Parameter estimates are obtained iteratively using a special case of the
expectation-maximization (EM) algorithm.

4. Experimental test of the system

Purpose of experimental test is to evaluate accuracy of speaker recognition
using proposed system of features and compare it with baseline methods.
Experimental tests were performed using various combinations of features:

e Using only excitation source parameters (pitch).

e Using only vocal tract parameters: four formants.

e Using vocal tract parameters: four formants and three antiformants.

e Combining vocal tract and excitation source parameters: four formants

and pitch.

13



e Combining vocal tract and excitation source parameters: four

formants, three antiformants and pitch.

Experiments were performed using standard features: MFCC. Recognition
accuracy dependence on count of GMM components was investigated too.

Experimental conditions and data. All experiments were done by
personal computer. System working parameters (analysis frame length and
shift, order of analysis and so on) were set according to authors experience and
were not changed.

Experiments were performed using Speech Technology Center (STC)
database, recorded in 1996-1998. The main purpose of the database is to
investigate individual speaker variability and to validate speaker recognition
algorithms. The database was recorded through a 16-bit Creative Labs sound
card with 11 025 Hz sampling rate. This database is distributed by ELRA.

The same phrases of 41 male speakers, pronounced approximately 15
times were taken. 3 recordings were used to build speaker’s models, others for
recognition.

Speaker recognition using excitation source parameters. Experiments
of speaker recognition accuracy were done using as features pitch only and with
different count of GMM components. In the Fig. 7 FAR — FRR curves are
shown, when 10 GMM components were used.

EER value 24.6% was obtained in that case.
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Fig. 7. FAR-FRR curves using pitch as features and 10 GMM components

14



Speaker recognition using vocal tract parameters: four formants.
Experiments of speaker recognition using four formants as features and
different count of components of GMM were performed. In the Fig. 8 below
FAR — FRR curves are shown, when 15 components of GMM were used. EER
value 12.26% was obtained in that case.

FAR-FRR, %

0 1
Likehood

Fig. 8. FAR-FRR curves using four formants as features and 15 GMM components

Speaker recognition using vocal tract parameters: four formants and
three antiformants. Experiments of speaker recognition using four formants
and three antiformants as a features and different count of components of GMM
were performed. In the Fig. 9 below FAR — FRR curves are shown, when 20
components of GMM were used. EER value 7.62% was obtained in that case.

FAR-FRR, %

1
Likehood

Fig. 9. FAR-FRR curves using four formants and three antiformants as features and 20
GMM components

Speaker recognition using four formants and pitch. Experiments of
speaker recognition using four formants with pitch as features and different

15



count of components of GMM were performed. FAR-FRR curves, when 20
components of GMM were used are shown in Fig. 10. EER value 8.17% was
obtained in that case.

FAR-FRR, %

0
Likehood

Fig. 10. FAR-FRR curves using four formants and pitch as features and 20 GMM
components

Speaker recognition using four formants three antiformants and pitch.
Experiments of speaker recognition using four formants three antiformants with
pitch as a features and different count of components of GMM were performed.
FAR-FRR curves, when 20 components of GMM were used are shown in
Fig. 11. EER value 5.17% was obtained in that case.

FAR-FRR, %
8

a0 [NFAR FRR

0
Likehood

Fig. 11. FAR-FRR curves using four formants three antiformants and pitch as features
and 20 GMM components

Speaker recognition using MFCC. Experiments of speaker recognition
using standard MFCC as a features and different count of components of GMM

16



were performed. FAR-FRR curves, when 20 components of GMM were used
are shown in Fig. 12. EER value 5.86% was obtained in that case.

FAR-FRR, %

0
Likehood

Fig. 12. FAR-FRR curves using standard MFCC as features and 20 GMM components

Summary of experimental results. Experimental results of speaker
recognition using different features and different count of GMM components
are shown in Table, where EER value is given. There FO denoted system of
features, that consist of pitch, 4F — system of features, that consist of 4
formants, 4F3A — system of features, that consist of 4 formants and 3
antiformants, 4F3AF0 — system of features, that consist of 4 formants 3
antiformants and pitch.

Summary of experimental results of speaker recognition

Count of
GMM FO 4F 4F3A 4FF0 4F3AF0 | MFCC
components

1 26.65% - - - - -

3 24.62% - - - - -
5 24.71% | 13.8% | 10.35% | 9.22% 7.44% 7.35%
10 24.6% | 12.59% | 8.33% | 8.25% 5.94% 6.27%
15 - 12.26% | 7.99% 8.2% 5.45% 6.15%
20 - 12.4% 7.62% | 8.17% 5.17% 5.86%
Adaptive - 12.13% | 8.01% | 8.13% 5.66% 5.89%

17



Results and conclusions

After developing speaker recognition system as well as after performing a
computer experiments the following conclusions were made:

l.

The automatic method for voice activity detection was proposed. This
method is fast and does not require any additional actions from the
user, such as indicating patterns of the speech signal and noise.

System of features has been proposed, that consist of vocal tract
parameters and excitation source parameters. Four formants and three
antiformants calculated in mel-frequency scale were used as
parameters of the vocal tract and pitch was used as parameter of
excitation source. Proposed system of features outperformed standard
MFCC features in all parameters of accuracy of recognition and EER
value 5.17% was obtained using proposed features, EER value 5.86%
was obtained using MFCC.

Proposed system of features is of lower dimension and consists of 8
components, like MFCC of 13-th order consists of 13 components.
Therefore we need to implement less operations of calculation during
EM algorithm, when we create speakers GMM.

To equalize dispersions of all formants and antiformants, they were
calculated in mel-frequency scale.

The method of estimation of initial GMM parameters was proposed
too. Vector quantization approach was proposed for this case.
Experiments made had shown that vector quantization approach
provided best results of accuracy in this case and outperformed other
methods of forming of clusters. Method of random forming was
outperformed (EER value) by 0.71% and method of linear division —
by 0.88%, yet not reducing count of iterations necessary to build
speaker’s model.
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ASMENS ATPAZINIMAS PAGAL BALSA

Mokslo problemos aktualumas — Sivolaikiniame pasaulyje vis aktualesnés
tampa asmens atpaZinimo pagal balsa problemos. Sios problemos atsiranda
kriminalistikoje, informacijos apsaugoje, tai gali biiti taikoma j¢jimo kontrolés
sistemose, mobiliojoje bankininkystéje, internetinéje prekyboje ir t. t. Joms yra
skiriamas didelis démesys, materialiniai bei intelektualiniai iStekliai, sukurti
ivairis testavimo centrai. Jei kitos biometrijos risSys reikalauja specialios,
daznai brangiai kainuojancios jrangos, asmens atpazinimo pagal balsg sistemos
to nereikalauja.

Nepaisant nemazy pasiekimy $ioje srityje, iki Siol néra sukurtos teorijos
kaip Zmogus atskiria vieng balsa nuo kito akustiniame lygyje, o taip pat néra
sukurtos universalios pozymiy sistemos, leidzianCios laisvai atskirti skirtingus
balsus, esant skirtingoms frazéms, skirtingai kalbéjimo aplinkai, skirtingiems
garso jraS§ymo kanalams, triuk§mams ir t. t.

I8 visy biometrijos rii§iy, naudojant balso biometrija kol kas gaunami vieni
i§ prasCiausiy rezultaty, taciau galéty turéti labai platy pritaikyma. Dél Sios
priezasties reikéty atlikti daugiau tyrimy Sioje srityje.

Darbo tikslas — atlikti kalbanCiojo atpazinimo sistemy analizg, pasitilyti

sprendimus, didinancius kalbanc¢iojo atpazinimo sistemy veikimo tiksluma bei
darbo efektyvuma.
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Darbo uZdaviniai. Darbo tikslui pasiekti darbe reikia spresti Siuos
uzdavinius:

1. Pasiiilyti automatini vokalizuoty garsy i$skyrimo i§ irasyto kalbos
signalo algoritma.

2. Pasidlyti nauja efektyvia pozymiy sistema, didinan¢ia asmens
atpazinimo tiksluma bei mazinancia reikalingy skai¢iavimo operacijy
skaiciy.

3. Pasitlyti efektyvy metoda kalbétoju modeliy pradiniy parametry
vertinimui.

4. Realizuoti pasidlytus metodus. Eksperimentidkai jvertinti sukurtos
atpazinimo sistemos tiksluma, lyginant pasiilytus pozymius su §iuo
metu vienais i§ placiausiai naudojamy pasaulyje.

Mokslinis naujumas. Disertacijoje pasitilyta keletas sprendimu, didinanc¢iy
atpazinimo sistemos veikimo tiksluma bei darbo efektyvuma. Sukurtas
automatinis vokalizuoty garsy iSrinkimo i§ kalbos bei triuk§mo signaly
metodas, veikiantis tiksliau nei, pavyzdZziui, energijos slenks¢io metodas.
Pasitilytas metodas yra kompleksinis, susidedantis i§ keliy atskiry algoritmy:
signalo kadry su nulinémis ir labai Zemomis signalo reik§mémis atmetimo,
foninio triuk§mo radimo bei mely skalés spektro slenks¢io nustatymo, zadinimo
signalo radimo bei nevokalizuoty garsy atmetimo. Sis metodas taip pat pasalina
ivairius pavienius impulsinius trikdzius. Kalban¢iyju modeliy kirimui bei
atpazinimui parenkami tik vokalizuoti garsai.

Pasitilyta nauja pozymiy vektoriy, turin¢iy nedaug komponenciy, sistema.
Kaip zinoma, kalbos signalas generuojamas zadinimo signalui veikiant balso
trakta. Pasitlyti pozymiy vektoriai susideda tiek i§ zadinimo signalo parametry,
tiek ir i§ balso trakto parametry. Kaip zadinimo signalo parametras yra
naudojamas zadinimo signalo pagrindinis daznis (F0), kaip balso trakto
parametrai — formantés (kalbos signalo kadro Furjé spektro gaubtinés
maksimumy dazniai) bei antiformantés (kalbos signalo kadro Furjé spektro
gaubtinés minimumy daZzniai). Siekiant sumazinti aukStesniy formanciy bei
antiformanciy dispersija, jos skai¢iuojamos mely skaléje. Kadangi pasitilyty
pozymiy vektoriy komponenc¢iy skaiCius yra nedidelis (nuo penkiy iki aStuoniy
vektoriaus komponenciy), lyginant su tradicinémis (trylika arba trisdeSimt
devynios komponentés), dél to gerokai pagreitéja skaiCiavimai, ypac
pakartotiniame parametry vertinime, matematinés vilties maksimizavimo
algoritme, kuriant kalbétoju Gauso miSiniy modelius.

Pasitilytas metodas pradiniam kalbanéiyjy modeliy parametry vertinimui.
Tam tikslui panaudotas modifikuotas LBG vektorinio kvantavimo algoritmas.
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Tyrimy metodika apima matematikos, taip pat tikimybiy teorijos bei
matematinés statistikos, skaitmeninio signaly apdorojimo bei atpazinimo
teorijos Zinios. Asmens atpazinimo pagal balsg sistema realizuota C++ kalba,
panaudojant TURBO C++ 2006 integruota programy kiirimo aplinka.

Ginamieji teiginiai
e  Pasililytoji pozymiy sistema, susidedanti i§ Zadinimo signalo bei balso
trakto parametry.
Pasitilytas vokalizuoty garsy iSskyrimo metodas.
Pasitilytas pradiniu GMM parametry vertinimo metodas.
Sukurtoji automatinio kalbanc¢iojo atpaZinimo programiné jranga.

Darbo apimtis. Sia disertacija sudaro: jvadas, 4 skyriai, bendrosios
i8vados, literatliros saraSas ir autoriaus publikacijy saraSas. Disertacijos
aiSkinamaji rasta sudaro 124 teksto puslapiai, su 58 paveikslais ir 8 lentelémis.
Literattiros saraSe 120 $altiniy.

Ivade suformuluojama tiriamoji problema, aptariamas temos aktualumas,
darbo tikslas, metodai ir priemonés, mokslinis naujumas, ginamieji teiginiai.

Pirmame skyriuje bendrai aptariamos kalbanciojo atpazinimo sistemos, ju
klasifikacija, taip pat pagrindinés savokos. Cia taip pat aptariama kalban&iojo
atpazinimo sistemy raida, biometriniy sistemy darbingumo vertinimo
parametrai, automatinés kalban¢iojo atpazinimo sistemos, o taip pat ir
pagrindinés problemos, su kuriomis susiduriama kalban¢iojo atpazinime.

Antrame skyriuje nagrinéjami kalbos generavimo bei modeliavimo
klausimai, detaliai nagrinéjami automatiniy kalbanciojo atpazinimo sistemy
elementai, kalbos signaly apdorojimo klausimai, pozymiy sistemos,
naudojamos kalbos ir kalban¢iojo atpazinime, kalbos signaly segmentavimo
klausimai ir kalbétojyu modeliy kirimo bei pozymiy palyginimo bidai,
naudojami tiek priklausomame, tiek ir nepriklausomame nuo iStartos frazes
kalbanciojo atpazinime.

Trediasis skyrius skirtas kalbanciojo atpazinimo sistemos realizacijai. Cia
aptariamas pasitilytas automatinis vokalizuoty garsy iSrinkimo i§ kalbos signaly
bei triuk§mo metodas, Siek tiek modifikuotas zadinimo signalo pagrindinio
daznio radimo metodas, pasitlyta pozymiy vektoriy sistema bei pradinio GMM
parametry vertinimo metodas.

Ketvirtajame  skyriuje  pateikti  sukurtos  atpazinimo  sistemos
eksperimentinio tyrimo rezultatai. Eksperimentais tirtas kalban€iojo asmens
atpazinimo tikslumas, panaudojant jvairias pozymiuy sistemas: pasiiilyta
pozymiy vektoriu sistema, susidedancia i§ formanciy, antiformanciy ir
zadinimo signalo pagrindinio daznio, taip pat ir atskiras §ios poZymiy sistemos
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dalis. Rezultaty palyginimui atlikti eksperimentai ir su standartiniais poZymiais
— mely skalés kepstro koeficientais. Eksperimenty metu tirta ir atpazinimo
tikslumo priklausomybé nuo Gauso misiniy komponenciy skaiciaus, pradinio
GMM parametry vertinimo jtaka atpazinimo tikslumui ir t. t.

Paskutiniame skyriuje apibendrinami darbo rezultatai ir suformuluojamos

iSvados, aptariamos tolesnés atpazinimo sistemos vystymo galimybés.

Bendrosios iSvados
Darbo metu buvo atlikta kalbanéiojo atpazinimo sistemy analizé, atliktas

kalbanciojo atpazinimo, panaudojant pasiilytus sprendimus, tyrimas. Gautus
darbo rezultatus apibendriname ir pateikiame i§vadas:

1.

Pasitilytas automatinis vokalizuoty garsy isrinkimo (segmentavimo)
metodas, nereikalaujantis i§ vartotojo jokiy triuk§mo ir kalbos signalo
pavyzdziy nurodymo. Foninio triuk§mo parametrai automatiSkai nustatomi
atmetus visus kadrus su nulinémis ir labai Zemomis signalo reikSmémis ir po
to randant tam tikra kadry skaiCiy su minimaliomis mely skalés spektro
energijos reik§mémis.

Pasiiilyta pozymiy sistema, skirta asmens atpazinimui pagal balsa,
susidedanti i§ zadinimo signalo parametry bei balso trakto parametry. Kaip
zadinimo signalo parametra panaudojome balso stygy virpéjimo dazni —
zadinimo signalo pagrindini dazni FO. Kaip balso trakto parametrus
panaudojome keturias formantes (kalbos signalo spektro gaubtinés
maksimumy daznius) bei tris antiformantes (kalbos signalo spektro
gaubtinés minimumy daznius). Gauti atpazinimo rezultatai pagal visus
tikslumo parametrus pralenké Siuo metu vienus i§ placiausiai naudojamy
pasaulyje spektriniy pozymiy — mely skalés kepstro koeficientus (MFCC),
naudojamus kalbos bei asmens atpazinime. Gautas lygiy klaidy lygis
panaudojant pasitilyta pozymiu vektoriy sistema — LKL=5,17 %, tuo tarpu,
panaudojus MFCC, LKL=5,86 %.

. Pasiiilytos pozymiy sistemos vektoriai turi mazesni komponenciu skaiciy,

vektorius susideda i§ 8 komponenciy, tuo tarpu, panaudojant 13 eilés
MFCC, vektorius susideda i§ 13 komponenciy. D¢l Siy priezasCiy tiek
kuriant kalbétojy modelius, tiek ir atpazinimo metu, naudojant pasitlyta
pozymiy vektoriy sistema reikia atlikti apie 1,6 karto maziau skai¢iavimo
operaciju. Dél to teigiame, kad poZymiy sistema, susidedanti i§ 4 formanciuy,
3 antiformanciy bei zadinimo signalo pagrindinio daznio FO gali bdti
panaudota kalbanciojo atpazinimui pagal balsa ir tai yra efektyvesné
pozymiy sistema, nei standartiné — MFCC.

Kadangi aukstesniy formanciy bei antiformanciy dispersija yra didesné nei
zemesniy, kad ,suvienodinti“ dispersijas, pasillyta formantes bei
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antiformantes skai¢iuoti mely skaléje. Atlikus eksperimentus, paaiskéjo, kad
formanciy bei antiformanciy skai¢iavimas mely skaléje Siek tiek pagerino
(LKL reikmé sumazéjo 0,11-0,26 %) atpazinimo tiksluma, nei naudojant
jas tiesinéje skal¢je. Todél teigiame, kad formantes bei antiformantes geriau
skaic¢iuoti mely skaléje.

5. Pasiiilytas metodas pradiniy GMM parametry vertinimui. Tam tikslui
panaudotas modifikuotas LBG vektorinio kvantavimo (VK) algoritmas.
Atlikus eksperimentus paai$kéjo, kad panaudojus pradiniy parametry
vertinimui VK metoda, gautas didZiausias atpazinimo tikslumas (lygiu
klaidy lygis sumazéjo 0,71-0,88 %), nei panaudojant atsitiktinio klasteriy
formavimo ar tiesisko pozymiy vektoriy dalijimo | klasterius metodus.
Taciau VK metodas nesumazino iteracijy skaiiaus, reikalingo tikslinant
GMM parametrus. Todél galima teigti, kad vertinant pradinius GMM
parametrus geriau naudoti vektorinio kvantavimo metoda, nei parinkti
atsitiktines parametry vertes.

Disertacijos darbo rezultatai parodé tolimesne atpazinimo sistemos
vystymo krypti — esamos pozymiy sistemos gerinima bei jos papildyma
panaudojant kitus spektrinius bei Zadinimo S$altinio pozymius. Papildomais
kalbanciojo pozymiais gali bliti panaudotas balso tembras, pirmyjuy formanciy
amplitudziy santyKkis ir t. t.
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