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Abstract—In this research, a biometric speech coding method is developed where empirical wavelet transform
is used to extract biometric features of speech signals for voice identification of the speaker. This method
differs from existing methods because it uses a set of adaptive bandpass Meyer wavelet filters and Hilbert
spectral analysis to determine the instantaneous amplitudes and frequencies of internal empirical modes. This
makes it possible to use multiscale wavelet analysis for biometric coding of speech signals based on an
adaptive empirical wavelet transform, which increases the efficiency of spectral analysis by 1.2 times or 14 %
by separating high-frequency speech oscillations into their low-frequency components, namely internal
empirical modes. Also, a biometric method for encoding speech signals based on mel-frequency cepstral
coefficients has been improved, which uses the basic principles of adaptive spectral analysis using an
empirical wavelet transform, which also significantly improves the separation of the Fourier spectrum into
adaptive bands of the corresponding formant frequencies of the speech signal.

Index Terms—Speech signal; biometric coding; speaker identification; information protection; voice

authentication; wavelet transform; bandpass wavelet filters; mel-frequency cepstral coefficients.

I. INTRODUCTION

The development of new methods and means of
ensuring information security is intended primarily to
prevent threats of access to information resources by
unauthorized persons. To solve this problem, it is
necessary to have identifiers and create identification
procedures for all users. Modern identification and
authentication include various systems and methods
of biometric identification [1]. One of the most
common biometric characteristics of a person is his
or her wvoice, which has a set of individual
characteristics that are relatively easy to measure
(e.g., the frequency spectrum of the voice signal).
The advantages of voice identification also include
ease of application and use, and the fairly low cost of
devices used for identification (e.g., microphones).

Voice identification capabilities cover a very
wide range of tasks, which distinguishes them from
other biometric systems. First of all, voice
identification has been widely used for a long time
in various systems for differentiating access to
physical objects and information resources. Its new
application in systems based on telecommunication
channels seems promising. For example, in mobile
communications, voice can be used to manage
services, and the introduction of voice identification
helps protect against fraud [2].

Voice identification also plays an important role
in solving such an important task as protecting
speech information. This identification is used to
create new technical means and software and
hardware devices for protecting speech information,
in particular, from leakage through acoustic,
vibroacoustic and other channels [3].

Voice identification is of particular importance in
the investigation of crimes, in particular in the field
of computer information, and in the formation of the
evidence base for such an investigation. In these
cases, it is often necessary to identify an unknown
voice recording. Voice identification is an important
practical task when searching for a suspect based on
a voice recording in telecommunication channels.
Determining such characteristics of the speaker's
voice as gender, age, nationality, dialect, and
emotional coloring of speech are also important in
the field of forensics and anti-terrorism. The
identification results are important in conducting
phonoscopic examinations, in carrying out expert
forensic research based on the theory of forensic
identification [4].

Thus, the development of new methods of voice
identification is a promising and relevant scientific
and technical task in providing biometric
authentication in information and
telecommunication systems.
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II. LITERATURE REVIEW AND PROBLEM
STATEMENT

The paper investigates a well-known method of
biometric coding of speech signals based on mel-
frequency cepstral coefficients (MFCC) [5], which
consists in finding the average values of the
coefficients of the discrete cosine transform (DCT)

N1 mmn [m + 2)
c[n] = z E[m]cos| ——= |,
m=0 N/
n=0, ..., N, -1,
prologarithmized energy of the spectrum [6]
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discrete Fourier transform (DFT)

X[k]= /:Z:;x[n]W[n]eTk", k=0, ..,N-1,
processed with a triangular filter [7]
0, k< f[m-1]
(k= f[m-1]) )
, f[m—-1]<k< f[m]
can LD
imei]=sm) sk slmet]
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S[m]= [%JM [M(Fm,-n )+ m%}

in mel scale M =1 127.010481n(1 +F/ 700) .

The problem is that the presented method of
biometric encoding of speech signals based on MFCC
does not meet the condition of adaptability [8]

N

A, = [0,71?],

where A, =[®, ,®,] are the segments of the

Fourier spectrum [O,Tt] of the speech signal under
study, which is divided into N adjacent segments
with boundaries ®, (where ®,=0 and o, =n),

which leads to suboptimal extraction of biometric
features of speech signals and to a decrease in the
probability of recognizing the voice features of a
person [9].

Therefore, it is necessary to develop a new method
of biometric coding of speech signals based on
empirical wavelet transform (EWT). This method
should differ from existing approaches by
constructing a system of adaptive bandpass Meyer
wavelet filters, followed by the use of Hilbert spectral
analysis to determine the instantaneous amplitudes
and frequencies of the functions of internal empirical
modes. The application of this method will reveal the
biometric characteristics of speech signals and
increase the efficiency of their coding.

III. PROPOSED METHOD

The developed method includes the following
steps (Fig. 1). The speech signal, whose frequency
range is from 300 to 3400 Hz, is divided into K
frames of 20 ms in length by N counts, which
intersect at 1/2 frame length to ensure the
stationarity of the process (Fig. 2).

The sequence of counts of the K frame is
submitted to the DFT.

X[ =S5 [nlwnle ¥, k=0, ..

n=0
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where the Hamming window is used as a weighting

function:
n
N-1)

w[n] =0.53836-0.46164-cos (211

n=0,..,N-1.
The wvalues of k& indexes correspond to
frequencies:
F
k|=—k, k=0, ..,N/2,
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where, F, is the sampling rate of the speech signal.
The normalized Fourier spectrum in terms of
frequency [O,Tt] and amplitude [O,I]is divided into

N segments A, =[o,,0,]. where
w,=(Q,+Q,,)/2 are the segment boundaries

(0,=0 and o, =m), and Q  are local maxima in

the frequency spectrum characterizing the biometric
features of speech signals, then it is obvious that

! A,=[0,n] (Fig. 3). Each boundary (filter

cutoff frequencies) ,, has a transient phase of

width 2t , where t, is chosen in proportion to , :
1, =yw,, and the parameter y must meet the
condition [10]:
. |o,,—o
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Fig. 1. Method of biometric coding of speech signals based on EWT
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where the function B(x) must meet the condition

B(x)= R and B(x)+p(1-x)=1
Vxe[O,l].

In practice, the following polynomial function is
used [11]

B(x)

As can be seen from the scaling function &,, (co)

{o if x<0,

= x*(35-84x +70x —20x3).

and wavelet functions , (), adaptability is
achieved by building bandpass filters centered
around the frequencies ® , which characterize the
biometrics of the speech.

Then the detail coefficients of W (n

by scalar products with empirical wavelet functions:
(fw,)=[ (D), (t-1)r
=(/ ()0, (o)) .

and the approximation coefficients W;(0,r) by a

n

,t) are given

Wi(n,t)=

scalar product With a scaling function

Wi(0.0)=(/.0,)= [ (x)o (x- 1)

=(f<w>a>l<w>)i

where () and ¢, (o)are defined by the
equations of the wavelet functions \f, (@) and the
scaling function ¢, (o), respectively.

The reconstruction of the speech signal f (t)
,t) and
approximation W/ (0,¢) is given by the following

using the wavelet coefficients of detail W/ (n

expression

F()=w;(0,¢)- ZWant . (1)

n=1

[W8 Ooa

Then the internal empirical modes of the studied
signal f () are given by the formulas

fi(0)=W;(0,6)-9,(¢),
AGEUAUHRAGE

and the orthogonality of the expansion is proved by
the fact that [12]

=gfk(r)

To determine the instantaneous frequency and
amplitude of the internal empirical modes (IEMs) of
the speech signal, we will resort to Hilbert spectral
analysis.

The Hilbert transform (HT) of EWT x(t) is
given by the following expression

y(t) = %P]g gdr ,

where P is the principal Cauchy value of the
singular integral.

With the help of HT EWT x(t) you can get an
analytical signal

z(l)z

1/2

a (Z)eie(r) )

x(t)+iy(z) =

where i =(-1)
Then the instantaneous amplitude and frequency
of the EWT can be expressed as

a(t)=

where the instantancous frequency of o(¢) is

do

(2407 o)==,

determined by the rate of change of the

instantaneous phase

y
0() = arctan,
(1) arcanx

and the EWT x(t) can be expressed as the real part
of the following equation [13]

Re{za Jexp[ i, (1 }}.

Then the Hilbert energy density spectrum is
defined as

1 n
S =H(t,0,)= H| Y al(t) |,
i,j (1 J) Af-A® |:kZ=]: k():|
where the intervals Az-Awm represent the values of

a’ (t) at a given time and frequency.
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Let's set the threshold function (Fig. 4), which is
described by the following expression:

y(x>={’“’

0,

x|2T

x|<T

where x is the value of the coefficients before
thresholding, yis the value of the coefficients after

thresholding, and T is the threshold [14].
y &

“v

Fig. 4. Threshold function
Let's assume that the probability of recognizing
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Then the theoretical criterion for finding the
maximum possible probability of recognizing the
biometric speech features of the analyzed frame is
written in the following way, which is based on the
balance between the energy of the biometric speech
features and their number

where C is the Hilbert energy spectrum of length N,
and T =C, [15].

IV. RESEARCH RESULTS

Figure 5 depicts calculated by the developed
algorithm of experimental samples of voice
commands of the control subject No. 1: “up”,
“down”, “right”, “left”. In this system to evaluate the
results of automatic recognition of voice control
commands, a classifier built by the criterion of

minimum distance is used.
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Fig. 5. Recognition features based on the developed method of voice commands of control subject No. 1:
(a) 4‘up”’ (b) 4‘down”’ (C) 4‘right”’ (d) 4‘leﬂ”

The dispersion of the difference between the
mathematical expectation of the mathematical

expectation of the recognition features based on the
developed method of the reference voice images
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stored in the database and the mathematical
expectation of the recognition features based on the
developed method at the testing level of the system
is used as such an indicator.

The variance of the difference of the difference
of the mathematical expectations of two samples of
voice control commands (recognition features based
on the developed method), is written as follows:

2

where, x; is recognition features based on the
developed method stored in the base of reference
voice images, X, is recognition features based on the
developed method at the system testing level, n is

number of recognition features based on the

developed method of the voice commands of the
control subject No. 1 meet the criterion of minimum
dispersion D, . in the given threshold of acceptable
recognition ©=0.15: “up” is D, =0.0222,
“down” is D_. =0.0559, “right” is D,__ =0.0034,
“left” is D_, =0.0023, based on this, the decision
about positive biometric identification of the spoken
voice commands is made (voice commands are
recognized). In other cases (Table I) it is clearly seen
that the values of D . do not correspond to the
selected criterion, which means that the recognition
features based on the developed method of the
spoken voice commands do not coincide with the
recognition features based on the developed method

that are stored in the database of reference voice
images, i.e. the voice commands are not recognized.

TABLE II. TEST RESULTS OF THE RECOGNITION SYSTEM
VOICE COMMANDS FROM CONTROL SUBJECT NO. 2

developed method. Training Testing
The decision on biometric identification of voice Control .
commands is made by the criterion of minimum S;\'zj eICt Control Subject No. 2
variance D_ < ® in a given threshold of acceptable ;
L Voice ! | «p» | “Down” | “Right” | “Left”
recognition ® =1-A=0.15, where A=0.85. commands P &
“Up” 0.0362 | 0.3150 | 0.3912 | 0.1525
TABE/E L . TEST RESULTS oCF THE RECSOGNITIOI;I SYlsTEM “Down” 03682 | 0.0393 11169 1 05372
0ICE COMMANDS FROM CONTROL SUBJECT NO. “Right” | 0.1966 | 0.4899 | 0.0878 | 0.1733

Training Testing “Left” 0.1179 | 0.2967 | 0.2675 | 0.0624

Control :

Subject Control Subject No. 1 In the second experiment (Table 1II), we
No. 1 compared the recognition featurqs based on the
Voice — . T developed method of the spoken voice commands of

commands | “OP Down™ | “Right Left control subject No. 2 in the testing mode with the
“Up” 0.0222 | 0.1832 | 02781 | 0.1381 recognition features based on the developed method

“Down” | 0.5234 | 0.0559 | 0.7256 | 0.4195 of the voice commands of control subject No. 1

“Right” | 0.3166 | 0.4959 | 0.0034 | 0.1511 spoken earlier in the system training mode. From the
“Left” 0.1648 | 0.1846 | 0.1559 | 0.0023 obtained results (Table II), we can conclude that the

In the first experiment (Table I), we compared
the recognition features based on the developed
method of voice commands of control subject No. 1:
“up”, “down”, “right”, “left”, which were stored at
the training level in the base of reference voice
images with the recognition features based on the
developed method of voice commands of the same
control subject No. 1, but already in the system
testing mode (the recognition features based on the
developed method of spoken voice commands in the
testing mode are compared with the recognition
features based on the developed method of voice
commands spoken earlier in the system training
mode). From the obtained results (Table I) it can be
seen that the recognition features based on the

recognition features based on the developed method
of voice commands of the control subject No. 2 meet
the criterion of minimum variance D_, in a given
threshold of acceptable recognition ® =0.15: “up”
is D =0.0362, “down” is D, =0.0393, “right”
is D_ =0.0878, “left” is D, =0.0624, and
therefore, a decision is made about positive result of
recognizing the spoken voice commands. In all other
cases, voice commands are not recognized because
the resulting values do not meet the specified
recognition criterion.

In the third experiment (Table III), the
recognition features based on the developed method
of the spoken voice commands of control subject
No. 3 in the testing mode were compared with the
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recognition features based on the developed method
of voice commands of control subject No. 1 spoken
earlier in the training mode of the system, which are
stored in the database of reference voice images of
control commands. The obtained values of the

comparison results: “up” is D_. =0.0523, “down”
is D, =0.0823, “right” is D =0.0757, “left” is

D_. =0.0696, fully meet the criterion D_ <O,
where ® =0.15, and therefore, the decision about
the positive result of recognizing the spoken voice
commands is made. As for the other obtained
resultant values, they do not meet the specified
recognition criterion, and thus, the voice commands
are not recognized.

TABLE III. TEST RESULTS OF THE RECOGNITION
SYSTEM VOICE COMMANDS FROM CONTROL SUBJECT NoO. 3
Training Testing
Control
Subject Control Subject No. 3
No. 1
CWZZZZ ds “Up” | “Down” | “Right” | “Left”
“Up” 0.0523 | 0.1568 0.4457 | 0.1854
“Down” 0.3911 | 0.0823 1.1771 0.3683
“Right” 0.2051 | 0.4432 0.0757 | 0.1695
“Left” 0.1633 | 0.1857 0.2833 0.0696

V. CONCLUSIONS

The article develops a method of biometric coding
of speech signals based on empirical wavelet
transform, which differs from existing methods by
constructing a set of adaptive bandpass Meyer wavelet
filters with the subsequent application of Hilbert
spectral analysis to find instantaneous amplitudes and
frequencies of functions of internal empirical modes,
which will allow to determine biometric features of
speech signals and increase the efficiency of their
coding by 1.2 times or 14 %. From the obtained
results (Table I) we can see that the recognition
features based on the developed method of voice
commands of the control subject No. 1 meet the
criterion of minimum variance D_._ in the given
threshold of acceptable recognition ® =0.15: “up” is
D, . =0.0222, “down” is D_, =0.0559, “right” is
D_. =0.0034, “left” is D, =0.0023, based on this,
the decision about positive biometric identification of
the spoken voice commands is made. From the
obtained results (Table II), we can conclude that the
recognition features based on the developed method of
voice commands of the control subject No. 2 meet the
criterion of minimum variance D, in a given
threshold of acceptable recognition ® =0.15: “up” is
D, . =0.0362, “down” is D_ =0.0393, “right” is

D_ =0.0878, “left” is D_ =0.0624, and
therefore, a decision is made about the positive result
of recognizing the spoken voice commands. In the
third experiment (Table III) the obtained values of the
comparison results: “up” is D_. =0.0523, “down” is

D, =0.0823, “right” is D, =0.0757, “left” is
D, =0.0696, fully meet the criterion D <O,

where ® =0.15, and therefore, the decision about the
positive result of recognizing the spoken voice
commands is made. A software complex has been
developed, including means for compiling a database
of reference voice images of control subjects for
training and testing of the voice control system, and
program that delineating the proposed methods and
algorithms in the MATLAB environment.
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O. 10. JlappuHeHnko. MeTox 0ioMeTPUYHOr0 KOXYBAHHS MOBHUX CHTHAJIIB HA OCHOBi aaNITHBHOI0 eMIIiPUYHOI0
BeiiBJIeT-TIepeTBOPEHHS

Po3pobneno meron 0iOMETpHYHOTO KOIYBaHHS MOBH, B SIKOMY €MITipHYHE BEHBIIET-NIEPETBOPEHHSI BUKOPUCTOBYETHCS
JUTSL BUWTY4eHHs 010METpUYHUX O3HAK MOBHHMX CUTHAJIIB JJIS TOJIOCOBOI ieHTHdiKkauii MoBLs. el meTon Biapi3HsIeThCs
BiJl ICHYIOUMX THM, IO BHKOPHCTOBYE Ha0ip aJanTHBHHX CMYTOBHX BeWBJIeT-(QinbTpiB Melepa Ta crieKTpaabHUH
anaii3 ['inpOepTa Uil BU3HAUSHHS MHUTTEBUX aMIUTITY 1 4acTOT BHYTpIIIHIX emmipuyHuX Mof. Lle 1ae MOXIUBiCTH
BUKOPHCTOBYBaTH 0araroMaciuTaOHWi BelBleT-aHati3 Ui O0IOMETPUYHOI0 KONYBaHHS MOBHHX CHTHAJIiB Ha OCHOBI
aJIalITUBHOTO €MITIPUYHOI'O BEHBIIET-NIEPETBOPEHHS, 10 IiJBHUINYE €(DEKTHBHICTH CIIEKTPAILHOTO aHamidy B 1.2 pasu
abo Ha 14% 3a paxyHOK PO3JiJICHHS BHCOKOYAaCTOTHMX MOBHHUX KOJMBaHb Ha iX HM3bKOYACTOTHI CKJIaJOBi, a came
BHYTpIilIHI eMOipuuHi Moau. TakoX yJZOCKOHaJIEHO GiOMETPUYHHI METOJ KOJyBaHHS MOBHHMX CHTHAJIIB HA OCHOBI MeJl-
YaCTOTHHUX KENCTPAIBbHUX KOe(iLliEHTIB, SIKU BUKOPUCTOBYE OCHOBHI MPUHIIMIHN aIAlITUBHOTO CIIEKTPAIBHOTO aHAJTI3y 3
BUKOPHCTAHHSIM EMIIPUYHOIO BEHBIIET-TIEPETBOPEHHS, IO TAaKOXX CYTTEBO IMOKpallye posniieHHs Dyp’e-criekrpy Ha
aZlalTUBHI CMYTH BiJINOBIAHUX (DOPMAaHTHHUX YaCTOT MOBHOTO CUTHAITY.
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