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Introduction

In modern telecommunication networks
and systems, speech signal processing and
recognition systems are occupying an increas-
ingly important niche [1], as the demand for
multimedia services is growing steadily, lead-
ing to higher requirements for the quality and
efficiency of services provided. It is worth
noting that the simplest and most natural
means of exchanging information and issuing
commands for humans is speech. However,
automatic speech recognition and understand-
ing is very difficult. The speech signal has un-
deniable advantages that make it an effective
means of transmitting information in a variety
of areas. Speech is a fairly fast means of com-
munication, it is easily transmitted through
communication channels, while leaving the
eyes and hands free to move [2]. However, the
implementation of this method of information
exchange between humans and machines is
currently limited by insufficient study of the
process of analyzing and classifying voice
commands, which is manifested in the insuf-
ficient quality of the existing mathematical
models of this information process. Equally
important is the problem of developing ro-
botic manipulators [3] that operate in aggres-
sive environments. At the same time, an ur-
gent scientific task is the development of
noise-resistant methods for recognizing
speech commands [4] for effective robot con-
trol, for example, in places dangerous for hu-
mans.

Literature review and problem
statement

Based on the analyzed literature [5-10],
there are currently two main approaches to
speech signal recognition: phonemic [5] and
formant [6]. In the formant approach, recog-
nition is performed by formant frequencies.

Acoustic vibrations of four frequencies,
which are formed in the resonant cavities of
the speech tract, are actively involved in the
formation of speech. Modern speech recogni-
tion systems perform spectral analysis [7],
which allows to extract the most informative
components from the speech signals. These
are formant frequencies and noise. In addition
to spectral analysis, more advanced methods
are used, such as phoneme recognition or
wavelet transform [8]. This paper focuses on
the consideration and study of the phoneme
recognition method. Among the phoneme
methods, the most effective and widespread
today is the three-phoneme method of speech
signal recognition [9]. However, existing
methods no longer meet modern requirements
for accuracy and efficiency of recognition,
their maximum recognition probability is lim-
ited to 95% accuracy, which is currently not
satisfactory when it comes to the development
of authentication and security systems based
on speech recognition [10].

Therefore, there is a need to develop
new models for recognizing fused speech and
voice commands. The analysis of shows that
an urgent scientific task is to increase the
probability of recognizing fused speech,
which can be achieved by improving existing
or developing new models and algorithms for
recognizing speech signals and commands,
which is the focus of this work.

Summary of the main material

This paper presents a four-phoneme
model of speech signal recognition from the
point of view of the theory of hidden Markov
processes. To form a database of standards, it
is necessary to identify the structural units of
the language of the spoken words - in this
case, phonemes. In this paper, we have devel-
oped an improved algorithm that searches for
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interphoneme transitions and a set of seg-
ments of predicted phonemes. As a result of
the experiments, it turned out that the defor-
mations of the speech rate are clearly nonlin-
ear. For nonlinear matching of the speech sig-
nal, gradient descent methods, Markov mod-
eling, and dynamic programming algorithms
are used most widely [11].

Thus, a speech signal X;, which is sub-
sequently subject to recognition, can be de-
scribed by a sequence of n-measurable ele-
ments Xx;:

X, =(x,%,X,..,X,,..X,)
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where L is the length of the speech signal.

Phonemes are realizations of the first
level of the hierarchy in a speech recognition
system. They can be represented as a se-
quence of elements

I :(jb+1’jb+2s""jm), 0<m<b<l.

According to the representation hierar-
chy system, phonemes are followed by sylla-
bles, then words, and then sentences. Images
of elements of higher levels of the hierarchy
are given by transcriptions in the alphabet of
images of the level lower than the element ac-
cording to the expression
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where k? is the phoneme transcription of the

.. 2
top-level element from the dictionary g~ ,

kz e K2 , q(k?) is the transcription length.

The number of states determines the
complexity of the model, which defines pho-
neme segments. The most common are mod-
els with up to three states.

This paper first proposes to use the the-
ory of hidden Markov processes [13] to de-
scribe a model with N-states.

In Fig. 1 shows an example of a model
with one state where Sy, (k') is the initial state
of the model, S, (k') is the final state of the
model, S(k') is the basic state of the model

1 I .
for the phoneme ; , p(j/; ) is the element
generated by the transition to one beat.

p(/k')
Bzesssssusansnsns - O .................. >0
S, (k) S (k') S.(k')

Fig. 1. Model with one state

The probability of the segment ], with
the independence of observations of the ele-
ments j can be calculated using the formula:

1 1

. 1 1
if Tmin(k )ZV_'”ZTmax(k )
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where 7 . and arethe length limits of on the initial conditions, the following re-

the generated phoneme segment kl [12].

In this model, the state S; (k') has the
probability distribution p,(j/k') and the
length constraints of  subsegments
(Tmin 1 (kl)J Tmax1 (kl))a the state SZ (kl) has
the probability distribution p,(j/k!) and the
length constraints of  subsegments
(Tmin 2 (kl): Tmax2 (kl))a and the state Sy, (kl)
has the probability distribution
p5(j/k*) and the length constraints of subseg-
ments (TminB(kl)J Tmax3 (kl)) > ] €J. Based

strictions are imposed on their lengths:
Tmin,Z (k1 ) = Tmin (kl)

7:nin,l (kl)+Tmin,3 (kl) = Tmin (kl)
7:rlaxl(k1)+Tmax2(k1)+Tmax3(k1) :Tmax(kl)

Depending on which trajectory of the
model (in the direction of the arrows)
$=>8,->8, , §->8, , S5->§;, ,
S$,—> S, we choose, the probability of seg-
ment ], will be calculated as follows:
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1%

i=u+l
v

1 ;

P(Jyv/k )= i=p+l

v
max I1
qsv<zi=p+l

where,

1 1
g=max(T . (k) (v—pu)-T . sk ))+/t,
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At present, systems using the three-pho-
neme model of speech signal recognition [14],
which replaced the two-phoneme model, are
quite well studied, as the efficiency and
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accuracy of the two-phoneme model did not
satisfy.

But over time, the three-phoneme model
also ceased to meet the requirements for accu-
racy and efficiency of speech signal recogni-
tion. The paper investigates a four-phoneme
model of speech signal recognition.

Fig. 2 shows a four-phoneme model of
speech signal recognition.

pl(]'/kl) pz(]'/k') ;)3(j/k1) RQ//{')

"; W | WhtbAkALL { ] 1 {| “‘ML“ \

”.‘,,Rg.f.,\ . ”‘,‘i‘*‘e'r"if‘ "“”;g“]"-w “"lrw i
O.':"» """""""" Ll ) At :O """"""""" ‘ :O: ] """""""" ;O :
Sy(k) ™ SR S () S (k) SR S.(k)

Fig. 2. Model with four states

As in the models with fewer states, each
state has a probability distribution: S,(k'),

S, (k" , S,(k'), S,(k') and sub-segment
(T ). T (KD
(]7mi112(k1 )’ TmaXZ(kl)) ’ (]:'nini‘s(kl )’ Tvmax3(k1 )) >
(T....(k",T_ (k") respectively. Based on
(K", T (k') , re-
strictions are imposed on their lengths:

Tmaxl (kl) + TmaxZ (kl) + Tmax3(k1) +

+Tmax4(k1) =T (k).

max

length  constraints:

the initial conditions (7

min

To theoretically calculate the effective-
ness of the developed model, it is necessary to
calculate the probability of a segment appear-
ing. Depending on the path through the model
(by arrows) 8= >8,—>85,—>5, ,
§=>8,=>8, , §=>8, , S,—>8—>5, ,
S3=>8,, §=>8—=>8,, §—=>8, §=>5,,
§,—>8;, S3—>8,, §—>8,—>s,, the proba-
bility of segment J,, will be calculated in ac-
cordance with one of the following principles.
The probability of the J,, segment is calcu-

lated as follows:
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Based on the studied four-phoneme
model of speech signal recognition, a recogni-
tion algorithm is proposed, which includes the
following steps:

The algorithm has the following steps:

1. Preparation of a dictionary;

2. selecting a set of phonemes and cre-
ating a transcription of words from the dic-
tionary;

3. creating a database index from four
phonemes to transcriptions;

4. training an acoustic model based on
the accumulated speech signals.

Now let's describe the stages of recogni-
tion:

1. apply a phonetic transcriber to the
input signal to obtain a phoneme sequence;

if Tminl(k)<v—p<Tmax1(k"),
i Tmin2(k)<v—u<T max 2(k),
if Trmin3(kD<v—u<T max3(kD),
if Tmin4(k1)§V—ﬂSTmax4(kl),
[ mGi’k) 1T paGik) 1 p3(jilk )x

i=u+l

1%
X T1 paGi/kD)s if Tmint(F)+Tmin 20D+ T min3(k1 )+
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i=u+l
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i=u+l

i=u+l

i=u+l

i=u+l

2. divide the sequence of phonemes
into groups of four phonemes with a shift of
one phoneme;

3. create queries to the four-phoneme
database;

4. obtain transcription lists by query-
ing the database index;

5. organize the transcriptions by their
rank;

6. select the first N transcriptions
with the highest ranks as a sub-dictionary for
recognition;

7. recognize the input speech signal in
a limited sub-vocabulary.

The recognition process is shown in
Fig. 3.
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Fig. 3. The process of speech signal recognition

If there is a coincidence of transcriptions
of the same word generated by different pho-
neme quadruplets, then the ranks of these tran-
scriptions are increased by one. For each mo-
ment of time, you can count the number of
transcriptions of the words that are included in
this time period.

To reduce the complexity of the word
graph, the algorithm uses the N constraint on
the number of words at any given time.

Since the word graph is formed from left
to right, it can be generated in real time, with
a delay equal to the maximum transcription
length.

Results of the research

In this section, we consider the effec-
tiveness of speech signal recognition using the
four-phoneme method, where we set the pa-
rameters of speech signal recognition effi-
ciency and investigate the recognition proba-
bilities with the introduction of distortion

factors into the speech signal, namely, ampli-
tude and phase noise. First, a sample of voice
commands was created for their further recog-
nition.

A Mackie Carbon microphone was used
for recording. The microphone is connected to
the sound card of a Manli C-Media 8738 PCI-
E (5.1) computer (M-CMI8738-PCI-E). The
study of voice command recognition speed
was conducted for vocabularies of different
sizes (10, 20, 30, 50, 100, 125, 140 com-
mands). The maximum size of the dictionary
was chosen based on the considerations that
140 commands is a sufficient number to con-
trol the robotic system.

The results of the voice command stud-
ies, namely the dependence of recognition
time on the size of the dictionary, are shown
in Fig. 4.

4

357

3t

Time, ms
N

0¢ S —
S S S S SR SR SRINCS
Size of the dictionary

Fig. 4. Dependence of command recognition time
on the size of the dictionary

The results allow us to conclude that the
time required to recognize voice commands
depends on the size of the dictionary, and the
larger the dictionary size, the longer it takes to
recognize.

To investigate the probability of recog-
nizing fused speech using the four-phoneme
method, a sample of 100 samples was rec-
orded.

Based on the obtained results of fused
speech recognition, Fig. 5 shows the depend-
ence of the recognition probability on the size
of the dictionary and Fig. 6 shows the depend-
ence of the recognition time on the size of the
dictionary.
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Fig. 6. Dependence of the time of fused speech
recognition on the size of the dictionary

The graphs above show that as the vo-
cabulary increases, the recognition probability
and recognition time increase.

We studied the recognition of fused
speech under conditions of amplitude signal
distortion. The results are shown in Fig. 7. and
Fig. 8.
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Fig. 7. Dependence of the probability of
recognizing a fused speech on the size of the
dictionary with an amplitude-distorted signal
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Fig. 8. Dependence of the fused speech
recognition time on the size of the dictionary
with an amplitude-distorted signal

The graphs above show that as the vo-
cabulary increases with an amplitude-dis-
torted signal, the recognition probability de-
creases compared to recognition without dis-
tortion, and the recognition time increases.

We have studied the recognition of
fused speech under conditions of phase signal
distortion, and the results are shown in Fig. 9.
and Fig. 10.
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Fig. 9. Dependence of the probability of
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The graphs above show that under the
conditions of a phase-distorted signal, with an
increase in the vocabulary, the recognition
probability decreases compared to recognition
without distortion, but this probability is
higher than recognition with amplitude noise,
and the recognition time increases. The stud-
ies of the recognition probability for voice
commands and fused speech using the four-
phoneme method showed that it is possible to
achieve a recognition probability of 98%.
Based on the results, it can be concluded that
the recognition probability improves with the
increase in the size of the dictionary, but at the
same time, the recognition time increases.

Conclusions

This paper solves the urgent scientific
problem of increasing the probability of rec-
ognizing commands and fused speech in radio
engineering devices and telecommunications
under the influence of distorting factors by de-
veloping new recognition models.

The article reviews methods and ways
of representing speech signals, considers
models for recognizing speech signals with a
different number of states, and investigates the
problems that arise when recognizing speech
signals using existing methods. It is estab-
lished that in order to improve the efficiency
of recognition in radio engineering devices
and telecommunications, it is necessary to de-
velop new or improve existing models of pho-
neme recognition of speech signals.

The paper proposes to use hidden Mar-
kov processes to conduct a probabilistic de-
scription of the one-, three-, and four-pho-
neme model of speech signal recognition,
which makes it possible to theoretically esti-
mate the probability of recognition using each
of the models. On the basis of a comparative
analysis, the four-phoneme model of speech
signal recognition was investigated, which, by
improving the three-phoneme model by add-
ing one more state to the model, allows, unlike
other models of speech signal recognition, to
increase the probability of their recognition.

The probability of recognizing speech
signals and commands using the four-pho-
neme method is established, and it is shown
that its application in practice with the help of

the developed software allows to achieve a
probability of 98%. The influence of ampli-
tude and phase distortion of the speech signal
on the recognition probability was studied,
which showed that the recognition probability
decreases when amplitude interference
(recognition probability is 81.7%) and phase
interference  (recognition probability is
92.3%) are introduced into the speech signal.
A comparative analysis of the four- and three-
phoneme models is carried out, which shows
that the recognition probability error of the
four-phoneme model is 40% less than that of
the three-phoneme model.
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Lavrynenko O.Yu.

N-PHONEME MODEL OF SPEECH SIGNAL RECOGNITION BASED ON HIDDEN
MARKOYV PROCESSES

This paper solves the urgent scientific problem of increasing the probability of recogniz-
ing commands and fused speech in radio engineering devices and telecommunications under
the influence of distorting factors by developing new recognition models. It is proposed to use
hidden Markov processes to conduct a probabilistic description of the one-, three-, and four-
phoneme model of speech signal recognition, which makes it possible to theoretically estimate
the probability of recognition using each of the models. On the basis of a comparative analysis,
the four-phoneme model of speech signal recognition was investigated, which, by improving
the three-phoneme model by adding one more state to the model, allows, unlike other models
of speech signal recognition, to increase the probability of their recognition. The probability of
recognizing speech signals and commands using the four-phoneme method is established, and
it is shown that its application in practice with the help of the developed software allows to
achieve a probability of 98%. The influence of amplitude and phase distortion of the speech
signal on the recognition probability was studied, which showed that the recognition probabil-
ity decreases when amplitude noise (recognition probability is 81.7%) and phase noise (recog-
nition probability is 92.3%) are introduced into the speech signal. A comparative analysis of
the four- and three-phoneme models is carried out, which shows that the recognition probabil-
ity error of the four-phoneme model is 40% less than that of the three-phoneme model.



Lpobnemu indhopmamusauyii ma ynpasninns, 2 (82)°2025 41

Keywords: speech signals, phoneme speech recognition, hidden Markov processes, influ-
ence of interference, speech recognition probability.

Jlappunenko O.1O.

N-®OHEMHA MO/EJIb PO3III3HABAHHA MOBHUX CUI'HAJIIB HA OCHOBI
IMPUXOBAHUX MAPKIBCBKHUX ITPOLECIB

B 0aniti pobomi supiuierno akmyanvhy Hayko8y 3a0auy ni08UuuerHs UMOBIPHOCMI PO3Ni-
3HABAHHA KOMAHO MA 3IUMHOI MO8U 8 padioOMeXHIYHUX NPUCMPOIX Ma 3aco0ax meneKoOMyHi-
Kayitl 6 ymoeax Oii CHOMEOPIoIYUX (haKmopie wiaxXom po3pooOKu HOBUX Mooenell po3NnizHa-
8anHs. 3anponoHO8aHO 3 00ONOMO2010 BUKOPUCMAHHS npuxosanux Mapkiecokux npoyecis npo-
800UMU UMOBIPHICHULL ONUC OOHO-, MPbOX- MA YOMUPLOXPOHEMHOI MOOei pO3NI3HABAHHA MO-
BHUX CUCHATIB, WO OAE MONCIUBICNb MEOPEMUUHO OYIHUMU UMOBIDHICMb PO3NI3HABAHHS 3 6U-
KOPUCAHHAM KOXCHOI 3 MoOeneu. Ha ocnosi nopiguanbnozo ananizy 6y10 00CnioHceHo 4yomu-
PbOX(OHEeMHY MOOeNb pPO3NIZHABAHHA MOBHUX CUSHANIB, AKA 34 PAXYHOK 600CKOHANEHHS
MPbOXPOHEMHOI, ULIAXOM 000ABAHHS We 0OHO20 CIAHY 00 MOOei, 00360JIAE, HA BIOMIHY 8i0
IHWUX MoOoeell pO3NiZHABAHHA MOBHUX CUCHAILIB, NIOGUWUMU UMOBIPHICb IX PO3NIZHABAHHSL.
Bcmanoenena timogipnicms po3nisHagants MOBHUX CUSHALIB | KOMAHO 3 GUKOPUCTAHHAM YO-
MUpPbLOXPOoHeMHO20 Memooy, | ROKA3AHO, WO 1020 3ACMOCYBAHHS HA NPAKMUYL 3 0ONOMO2010
PO3POONEHO20 NPOCPAMHOO 3a6e3nedeHHs 00360159€ 00CASHYmMU UMOGipHOcmi Ha pieHi 98%.
IIposedero docniodicenHs 6nIU8Y HA UMOBIPHICMb PO3NIZHABAHHI AMNIIMYOHO20 MA (PA308020
CHOMBOPEHHS MOBHO20 CUSHAILY, AKI NOKA3ANU, WO UMOBIPHICMb PO3NIZHABAHHSA 3MEHULYEMbCS
npu 6HeceHi amMniimyoHoi 3a6aou (iMogipricms posnisHasauts cmanosums 81,7%) ma gazo-
60i 3a6a0u (limosipuicmov posznisnasanus 92,3%) y mosnuii cuenan. Ilpoeedeno nopisHsbHuUlL
AHAi3 YOMUPLOX- MA MPbOXPOHEMHUX MoOelel, 8 pe3yIbmami 4020 NOKA3AHO, WO NOMUIKA
LLMOBIpHOCMI PO3NI3HABAHHA YOMUPbOXhoHemHoi modeni Ha 40% menwa nixe y mpooxghonem-
HOI.

Knrouoei cnoea: mosni cuenanu, gponemue posnizHaganHs mosu, npuxosani Mapxiscoki
npoyecu, 8NIU8 3A8a0, UMOBIPHICIb PO3NIZHABAHHS MOGU.



