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The object of this study is the 
accuracy of announcer identifi-
cation based on short utterances.

To solve the task of speak-
er identification based on ultra-
short speech utterances, a pho-
neme-by-phoneme approach to 
constructing voice models has 
been proposed within the frame-
work of the study. The validity 
of this approach is based on the 
fact that short utterances usually 
contain a limited number of pho-
nemes. In this regard, a hypoth-
esis was put forward assuming 
that in order to increase the accu-
racy of announcer identification 
based on short utterances, it is 
necessary to analyze the sound 
of specific phonemes by different 
announcers.

The experiments involved 
speech recordings of monosyl-
labic words with corresponding 
phonemes, on the basis of which, 
using the ECAPA-TDNN neural 
network architecture, announc-
er voice models were constructed. 
The experimental studies showed 
that voice models constructed 
based on the sounds of only one 
model provide higher announcer 
identification accuracy compared 
to generalized models constructed 
based on all speech sounds.

It was also found that differ-
ent phonemes provide different 
announcer identification accura-
cy. For example, with a speech 
signal duration of 2–3 seconds, 
the accuracy of announcer identi-
fication by the generalized model 
was 75 %. And the accuracy of 
announcer identification using a 
model built on the basis of only 
one phoneme "E", with the same 
input data, was 85 %, which is 
10 percentage points higher than 
that of the generalized model
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1. Introduction

The development of digital technologies and the desire to 
design intelligent user interfaces put ever higher demands for 
personalized identification systems. In this context, voice bio-
metrics is becoming one of the most promising areas, as it pro-
vides contactless, natural, and convenient interaction between 
a person and devices. Given the rapid spread of mobile plat-

forms, IoT devices, and distributed computing systems, there 
is a need to devise solutions that would accurately identify a 
user with a minimum amount of available speech information. 

Research in the field of voice biometrics has been con-
ducted for quite a long time and methods of personal identi-
fication are constantly being improved. However, all known 
methods of announcer recognition show acceptable results 
only for long speech signals. In this regard, there is a need 
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tecture and combining elements of CONV2D and ResNet. 
The models were trained on the large VoxCeleb2 corpus 
and demonstrated high announcer recognition accuracy 
(0.97828) and low error rate (EER=0.03612) when tested on 
the VoxCeleb1-O subset. However, the study is limited to 
segments of standard duration and does not evaluate the per-
formance of the models on short or ultra-short speech frag-
ments, which reduces their applicability under conditions of 
limited speech material. 

In [8], a lightweight announcer recognition system based 
on timbre analysis is proposed. Timbre refers to the main 
properties of sound that allow listeners to distinguish between 
them. Using timbre properties such as brightness and sharp-
ness, the system achieved a maximum accuracy of 78 % at the 
stage of announcer identification based on short utterances, 
the duration of which was about 2–3 seconds of pure speech. 
At the verification stage, the model maintains an accuracy of 
76 % with an equal error rate (ERR) of 0.24. The speech data of 
40 announcers from the LibriSpeech corpus is used to train the 
model. As we can see, the authors of the work failed to achieve 
high accuracy of announcer identification. 

In [9], the study considers announcer recognition based 
on short utterances (1–2 seconds) using meta-learning and 
the mechanism of prototype networks. The authors note that 
conventional models show low accuracy under such conditions 
and propose an approach that improves the results on short ut-
terances. The accuracy of announcer recognition for utterances 
2 seconds long was about 74 %. The experiments were conduct-
ed using the VoxCeleb1 and VoxCeleb2 datasets, consisting 
of 1251 and 5994 announcers, respectively. Despite the use of 
promising methods based on meta-learning and the mechanism 
of prototype networks, the work also failed to achieve high accu-
racy of announcer recognition from short utterances.

Papers [10–12] consider the problem of announcer veri-
fication based on short utterances using the ECAPA-TDNN 
model and meta-learning. The authors note that existing 
methods require long audio fragments to achieve high an-
nouncer recognition accuracy and propose an approach that 
makes it possible to work with utterances from 2 to 5 seconds 
long. With an utterance length of 2 seconds, the verification 
accuracy was about 76 %. In the paper, the VoxCeleb1 dataset 
was used for experiments, which contains 37,720 complete 
utterances of 40 announcers. The ECAPA-TDNN neural net-
work model shows very decent results in announcer identifi-
cation based on long speech samples. But as the paper shows, 
that model also failed to provide high announcer identifica-
tion accuracy based on short speech fragments. 

Our review of the literature demonstrates that research-
ers mainly focus on general approaches to devising effective 
announcer recognition methods. All these approaches re-
quire long speech signals from announcers for their high-pre-
cision identification. And in those works where the problem 
of announcer identification by short fragments of speech was 
specifically studied, it was not possible to achieve high accu-
racy (it does not exceed 78 %). 

Thus, the task of announcer identification by short phras-
es remains an unsolved problem today. The main issue is to 
increase the accuracy, reaching at least 90 %, in announcer 
recognition by short speech fragments. If we generalize the 
previous studies analyzed in our work, we can conclude that 
an attempt to solve the problem of announcer identification 
by short utterances is built around the combined use of 
speech features, the application of new learning strategies, 
the development of new neural network structures, etc. 

to search for and devise new methods and approaches to an-
nouncer identification with short phrases, for example, when 
the announcer utters only a few words.

2. Literature review and problem statement

In [1], the performance of an announcer recognition sys-
tem was improved by using the GMM-UBM neural network. 
Compared to similar tasks, this optimized classifier has fewer 
parameters, is trained faster, and has a higher accuracy level. For 
the voxceleb1 dataset with 1251 speakers, an accuracy of 94.33 % 
was achieved. However, this system is focused on long speech 
segments and is not designed to work with ultra-short utterances. 

In [2], a study of emotional announcer recognition was 
conducted. In this paper, an attempt was made to extract 
emotional information in speech signals by simulating a 
mixed dataset of emotional speech for speaker recogni-
tion. Three datasets are considered, Language Emotional 
Speech Corpus, Crowdsourced Emotional Multimodal Cor-
pus, Kharagpur Simulated Emotion Hindi Speech Corpus. 
The experimental results show that the performance of the 
system using mixed emotional speech improves speaker rec-
ognition. However, this model is not focused on the analysis 
of short speech fragments and does not take into account the 
phonemic structure of utterances, which limits its applicabil-
ity under conditions of limited speech material. 

In [3], a study was conducted on speaker recognition 
under noise conditions. The TIMIT dataset was used for 
the experiments, and the identification accuracy of 92.7 % 
was achieved. The proposed feature optimization method, 
applied to feature vectors with reduced dimensionality, 
led to a significant improvement in announcer recognition 
performance using various classification methods. Despite 
the high performance under noise conditions, the work did 
not consider solving the problem of announcer identification 
with ultra-short signal duration.

In [4], a new speaker identification method based on deep 
learning methods SVM and CNN was proposed. To conduct 
the speaker identification experiments, the LibriSpeech dataset 
with a gender split of 50 to 50 men and women was used, a total 
of 2484 audios were used, which is about 1000 hours of audio 
recordings. The recognition accuracy of 97.69 % was achieved. 
However, this method is focused on long speech segments and is 
also not designed to work with ultra-short utterances. 

In [5], a feature extraction method SWFCC, stationary 
wavelet filter cepstral coefficients, is proposed in the an-
nouncer recognition task. The performance of the proposed 
SWFCC approach is evaluated on the TIMIT dataset. Exper-
imental results using the Gaussian mixture model-universal 
background model (GMM-UBM) as a classifier show that 
SWFCC outperforms various feature extraction methods 
such as MFCC, PNCC, and GFCC. The results demonstrate 
the robustness of the model to noise but its performance in 
analyzing short utterances was not the subject of the study. 

In [6], a study was conducted on speaker identification us-
ing the self-learning PNR-TDNN architecture, which is robust 
to strong noise and reverberation. The model was tested on the 
VoxCeleb1 dataset and showed improvements in the EER and 
MinDCF metrics compared to its peers. Despite the high ac-
curacy under difficult acoustic conditions, the study does not 
evaluate the model’s performance on short speech segments.

In [7], the CRET-1 and CRET-2 models for speaker rec-
ognition are proposed, based on the ECAPA-TDNN archi-
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However, to date, all these attempts have not yet yielded tan-
gible results. In our opinion, when solving this problem, it is 
necessary to take into account that short speech utterances 
cannot contain all the sounds of the language (phonemes), 
accordingly, it is not possible to build one generalized human 
voice model using all possible phonemes, as is implemented 
in most existing methods of announcer identification.

If we proceed from the fact that the analyzed short speech 
signal will contain only a few phonemes, then it is assumed 
that for effective recognition of announcers it is also necessary 
to have a human voice model for each individual phoneme. It 
should be noted that different languages have different numbers 
of phonemes, for example, in British English there are 44 pho-
nemes, in Kazakh there are 37 phonemes, and in Russian there 
are 42 phonemes. Thus, to implement this approach, one would 
need as many human voice models as there are phonemes, i.e., 
about 40–50 models. This is a lot; constructing so many different 
voice models for one person in practice is a difficult task.

But, on the other hand, there are several special pho-
nemes that can be called universal, i.e., they are present in 
virtually all languages, these are the phonemes “A”, “O”, “E”. 
Also, these phonemes are more often than other sounds in 
the word formation of human speech. In this regard, to build 
a human voice model, it is enough to limit ourselves to only 
these three phonemes. 

In summary, speaker identification in short utterances 
should be performed using three voice models together. In 
other words, announcer identification is performed by analyz-
ing how a person pronounces specific phonemes “A”, “O”, “E” 
in their utterances. However, in this case, another additional 
question arises. Do all three models have equal weight in 
making a decision? For example, it may happen that the mod-
els based on the phonemes “A” and “O” identify this person, 
while the model based on the phoneme “E” gives a negative 
decision; then what should be the final decision?

3. The aim and objectives of the study

The purpose of our study is to improve the accuracy of 
announcer identification based on short utterances. This 
will make it possible to determine which phonemes provide 
the highest recognition accuracy, as well as to 
select the optimal set of voice models with a 
limited speech signal length.

To achieve this goal, the following tasks 
are set:

– to determine the dependence of announc-
er recognition accuracy using a phoneme mod-
el on the duration of a speech signal;

– to conduct a comparative analysis of the 
identification ability of phonemes in announc-
er recognition.

4. The study materials and methods

4. 1. The object and hypothesis of the study
The object of our study is the accuracy of announcer identi-

fication based on short speech phrases. This paper puts forward 
a hypothesis that voice models built on individual phonemes 
have a higher accuracy in recognizing announcers in short 
phrases compared to generalized voice models that are built on 
all speech sounds.

It is assumed that voice models are neural networks trained 
on samples of voice data of various announcers. Our work does 
not aim to determine the correct structure of a neural network 
suitable for high-precision announcer identification. The prin-
cipal task is to compare the accuracy of speaker recognition in 
short phrases using various voice models.

An analysis of the effectiveness of the phoneme-based ap-
proach to announcer recognition based on ultra-short speech 
utterances was carried out using the Kazakh language as an 
example, with an emphasis on determining the identification 
potential of individual vowel phonemes (“A”, “O”, “E”).

The SpeechBrain library [13, 14], which is an open solu-
tion for speech processing tasks, was chosen as the basic plat-
form for designing and conducting experiments to evaluate 
the effectiveness of phoneme-based announcer recognition. 
The pre-trained version of the ECAPA-TDNN model was 
used using standard tools and functions of the SpeechBrain 
library, which made it possible to effectively use the functions 
to implement announcer verification.

To conduct the experiments, test data were generated, 
which were recordings of the speech of 20 speakers. In 
this case, each announcer voiced 50 words containing each 
phoneme separately. Each recording included words in the 
Kazakh language with the structure: consonant-vowel-con-
sonant (for example, “KET”, “MEN”, etc.).

The obtained audio data from each announcer was divid-
ed into the following two groups:

– voice samples used to construct a reference speaker 
model (for training the neural network); 

– test data for assessing the accuracy of the trained neural 
network, not used to build the reference speaker model.

4. 2. Experimental procedure
The experiment was conducted with two different data 

sets. The first set included speech data containing only pho-
nemes of one type. In the first stage of the study, words con-
taining only one vowel phoneme (e.g., “A,” “E,” or “O”) were 
analyzed and tested separately for each group of phonemes. 
The generated voice template also contained a single vowel 
phoneme corresponding to the analyzed group. During the 
experiment, as shown in Fig. 1, the amount of tested data var-
ied from 3 to 24 words with a step of 3 for each set separately.

Fig. 1 illustrates the process of forming a sound stream 
containing only one phoneme. Each of the cells (1, 2, 3, and 
so on) contains different words, such as “Ket”, “Men”, “Kesh”, 
with the total number of words being N=50. All selected 
words include two voiceless sounds and one voiced sound, 
which makes it possible to analyze the characteristics of the 
voice signal under conditions of minimal phonetic context. 

The second data set was used for testing based on the com-
bined speech fragments. At the second stage of the experiment, 
as shown in Fig. 2, words containing all three vowel phonemes 

 

 
 

  
Fig. 1. Structure of test data for the first experiment
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combined into a single sequence were used for testing. The 
length of the test sequences corresponded to the length used 
in the first experiment. The formed voice template included 
words containing all vowel phonemes (“A”, “O”, “E”).

During the experiment, the volume of test data varied from 
3 to 24 words with a step of 3, with each test sample including 
words with three vowel phonemes in equal proportions. As can 
be seen from Fig. 2, the data are organized in such a way that 
words containing each of the phonemes alternate sequentially.

5. Results of analyzing the efficiency of phoneme-based 
announcer recognition

5. 1. Determining the dependence of announcer 
recognition accuracy using a phoneme model on the 
duration of a speech signal

To determine the efficiency of the phoneme-by-phoneme 
based approach, it is necessary to analyze the dependence of an-
nouncer recognition accuracy on the duration of a speech signal 
in the context of different phonemes. The end result of solving 
this problem is the type of functions that most accurately de-
scribe the dependence of announcer recognition errors by differ-
ent models on the number of words in utterances (speech signal 
duration). The criterion for the accuracy of the solution to the 
problem in this case is the achieved accuracy of approximation 
of the experimental data, on the basis of which the functional 
dependence of announcer recognition error on the number of 
words in a speech signal is determined.

Our analysis of experimental data reveals that the de-
pendence of the announcer recognition error on the number 
of words (duration of the speech signal) is nonlinear and is 
represented by a decreasing function. In this regard, 
four types of decreasing nonlinear functions were 
considered for the mathematical description of this 
pattern. These functions were used to approximate the 
empirical data for the most accurate mathematical rep-
resentation of the identified dependence. 

To analyze the data, we carried out approxima-
tion to identify patterns describing the obtained 
results. Four types of approximation functions were 
used in the study:

,ny C x= ⋅ 				     (1)

,xy C n= ⋅ 				     (2)

,nxy C e= ⋅ 				     (3)

( )log .y a b x= + ⋅  			    (4)

Based on the experimental data, the approximation 
accuracy was tested for each of the functions consid-
ered. The results of the estimate are given in Table 1, 

which shows the error values calculated for each of the ap-
proximation models.

Table 1

Value of the error in determining the significant 
parameters of approximating functions

Dataset 
type C·xn C·nx C·en·x a+b·log(x)

AEO 10.88 % 16.36 % 16.36 8.86 %
A 7.40 % 30.17 % 30.17 % 16.24 %
E 9.83 % 16.43 % 16.43 % 8.09 %
O 8.13 % 24.77 % 24.77 % 13.13 %

Analysis of the data from Table 1 reveals that 
functions (1) and (4) have the smallest error val-
ues, which indicates a high degree of their corre-
spondence to the experimental data. However, to 
ensure uniformity of the mathematical descrip-
tion of all the processes under consideration, it is 
preferable to use one function. Function (1) was 

chosen as the main approximation model since it demonstrates a 
more uniform distribution of the error relative to all experimen-
tal results. The type of approximation function for the depen-
dence of announcer recognition accuracy by voice for different 
types of phonemes and the generalized model is given in Table 2.

Table 2

The type of approximating function for the dependence of 
accuracy of announcer recognition by voice for different 

types of phonemes

No. Words with phonemes Approximating function
1 AOE y=0.762∙x-0.350

2 A y=0.674∙x-0.436

3 E y=0.762∙x-0.504

4 O y=0.794∙x-0.415

Fig. 3–6 show plots of approximation functions (1) for the 
phonemes “AEO”, “A”, “E”, “O”, constructed according to the 
data in Table 2.

 

 
 

  Fig. 2. Structure of test data for the second experiment

 

 
  Fig. 3. Dependence of speaker recognition error when using a model 

constructed using all phonemes “A”, “E”, “O” on the number of 
words in the speech signal
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In Fig. 3–6, the experimental data are indicated 
by dots, and the green line shows the region of the 
approximation function corresponding to the range of 
experimental data (from 3 to 24 words). And in Table 2, 
as an example, all the approximation functions found for 
all three types of phonemes and the generalized model 
on utterances in the Kazakh language are given. In this 
case, the approximation error of the experimental data 
for different models took values from 7 % to 11 %. This 
is a fairly small approximation error, which makes it 
possible to state that the dependence of announcer recog-
nition errors on the number of words in the speech signal 
is very well described by the functions given in Table 2.

 
5. 2. Conducting a comparative analysis of the 

identification ability of phonemes in announcer 
recognition

A comparative analysis of announcer recognition 
errors by different models was conducted in order to 
identify the model that yields the smallest error. The 
analysis was conducted based on the plots in Fig. 3–6, 
which show the dependences of speaker recognition 
errors on the number of words in the speech signal 
when using different voice models constructed using 
individual phonemes “A”, “E”, or “O”, and a generalized 
model using all phonemes together. In order to compare 
announcer recognition errors by these different models, 
all of the above plots were represented on one diagram 
shown in Fig. 7.

The criterion for assessing the identification ability of 
different voice models is the recognition error value cor-
responding to a specific number of words in the speech 
signal. For example, for comparison, we can consider 
the recognition error when there are 24 words (the ap-
proximate duration of pure speech is about 2–3 seconds) 
in the speech signal. Then, from Fig. 7, we can see that 
the recognition error of the model for the phoneme “E” 
is 0.15, and for the generalized model, the error is 0.25. In 
other words, the recognition accuracy of the generalized 
model was 75 %, and the accuracy of the model for the 
phoneme “E” was 85 %, which is 7 percentage points 
higher than the maximum accuracy achieved in [8] for 
the same duration of the speech signal.

If we take into account the fact that all four voice 
models were built using the same ECAPA-TDNN neural 
network model with the same parameters, then we can 
say that the difference in speaker recognition errors is 
caused only by the difference in the training data set. In 
this case, Fig. 7 provides an answer to the question of 
which of the phonemes “A”, “O”, “E” or the generalized 
model “AOE” gives the best results in announcer recog-
nition from short phrases. As can be seen from Fig. 7, 
all models built on individual phonemes provide a lower 
value of announcer recognition error compared to the 
generalized model. In this case, the best results are 
achieved when using a voice model formed on the basis 
of the phoneme “E”.

It is obvious that when comparing the voice mod-
els of different announcers, their similarity should be 
minimal. Accordingly, the degree of similarity of the 
voice models of different announcers was also checked. 
The results of this analysis are shown in Fig. 8, which 
demonstrates average values of the percentage of simi-
larity between different announcers.

Fig. 4. Dependence of speaker recognition error when using a 
model constructed using one phoneme “A” on the number of words 

in the speech signal 

 
  Fig. 5. Dependence of speaker recognition error using a model 

constructed using one phoneme “E” on the number of words in the 
speech signal

 

 
  

Fig. 6. Dependence of speaker recognition error using a model 
constructed using one phoneme “O” on the number of words in the 

speech signal
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As can be seen from Fig. 8, both the phoneme-based and 
generalized models demonstrate that the percentage of sim-
ilarity between different announcers does not exceed 23 %. 
This confirms that the proposed models effectively distin-
guish between the voices of different people. In addition, the 
figure shows that neither of the models – based on individual 
phonemes (“A”, “O”, “E”) or the generalized model (“AOE”) – 
has a clear advantage over the others in the task of distin-
guishing announcers.

Thus, analysis of the data in Fig. 8 reveals that the percent-
age of similarity of the voice models of different announcers 
does not depend on the choice of the phoneme-based or gen-
eralized model, which indicates the reliability of both meth-
ods in the task of announcer identification. At the same time, 
to determine the similarity of the voice characteristics of the 
same announcer, it is preferable to use a phoneme-by-pho-
neme based model since it provides higher recognition accu-
racy compared to the generalized model.

Thus, the results of our analysis show that pho-
neme-by-phoneme based recognition does not provide sig-
nificant differences in identifying different announcers. 
However, it is more effective when comparing voice sam-

ples of the same announcer. This indicates that pho-
neme-by-phoneme based recognition is appropriate for 
speaker verification where it is necessary to establish 
a correspondence between the presented voice sample 
and the standard.

6. Discussion of results based on investigating 
the effectiveness of phoneme recognition of 

announcers in short utterances

Our work has considered four different voice mod-
els built using the same neural network structure 
ECAPA-TDNN. Three of them were trained strictly on 
the basis of speech images of the corresponding one 
specific phoneme, and the fourth model, which is a 
generalized model, was trained on hybrid data includ-
ing all phonemes.

First, as the results in Tables 1, 2, as well as the plots 
shown in Fig. 3–6, demonstrate, the dependence of the 
announcer recognition error on the number of words 
in the speech signal for all four models is very well de-

scribed by a power function with a negative exponent. The 
decrease in the announcer recognition error with an increase 
in the signal duration (the number of words in speech) can be 
explained by the fact that with an increase in the number of 
words in the signal, the phonetic diversity of the training data 
increases. Obviously, this in turn leads to an increase in the 
ability of neural networks to generalize data. Knowing the 
law of change in announcer recognition accuracy from the 
number of words in the speech signal for each voice model 
makes it possible to predict their response at any speech 
duration. Consequently, it becomes possible to compare the 
effectiveness of the voice models under consideration with 
each other in a certain range of speech signal durations.

Secondly, according to the four plots shown in Fig. 7, we 
see that the generalized model has a higher announcer rec-
ognition error for any number of words in the speech signal 
compared to the models based on one specific phoneme. 

Thus, it has been established that for short utterances 
consisting of several words, the neural network model 
built on only one phoneme has a higher announcer 
identification accuracy compared to the model built 
without phoneme separation. Accordingly, it can be 
argued that the original hypothesis that voice models 
built on individual phonemes have a higher accuracy 
in announcer recognition in short phrases compared to 
generalized voice models has its experimental confir-
mation. The higher accuracy of announcer recognition 
by voice models built on specific phonemes compared to 
generalized models can be explained by several factors. 
Firstly, the generalized model must be trained on all 
possible speech sounds, and accordingly, the volume of 
the training sample must be large enough. Secondly, a 
phonemic voice model requires only one phoneme to be 
trained and therefore requires much less training data. 
Thirdly, short utterances usually have a limited number 
of phonemes, so phonemic models can more accurately 
capture the features of speech sounds.

From the same plots shown in Fig. 7, it can be seen 
that models based on specific phonemes have different an-
nouncer recognition accuracy. If we focus only on the results 
of this work, where only speech data in the Kazakh language 
were used in the experiment, it is clear that the phoneme “E” 

 

 
  Fig. 7. Plots of speaker recognition errors depending on the number 

of words in the speech signal using different voice models

 

 
  Fig. 8. Results of phoneme testing on Kazakh language data
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has the best identification ability. In this work, the reason 
why this phoneme has the highest accuracy in announcer 
identification was not analyzed. Nevertheless, knowledge of 
the difference in announcer identification accuracy by differ-
ent phoneme models could make it possible to take the right 
decision in cases where announcer recognition is carried out 
using several such models. 

The advantage of the proposed approach is the ability to 
build a variety of specialized voice models based on individu-
al phonemes. Unlike universal methods [1–7], which use gen-
eralized voice models, our approach makes it possible to more 
accurately adapt to the features of sounds in a particular 
language, specifically, Kazakh. This became possible owing 
to a targeted analysis of the pattern of changes in the accura-
cy of announcer identification depending on the duration of 
speech signals using voice models constructed on the basis of 
individual phonemes and limiting the phonetic composition, 
which was not considered in the aforementioned works.

At the same time, the study has a number of limitations. 
Firstly, it analyzes only three vowel phonemes. This provides 
a partial picture and requires expanding the study to the en-
tire phonemic composition of the Kazakh language. Second-
ly, only one architecture was used – ECAPA-TDNN. Perhaps, 
when using other models, the results could be different.

Among the disadvantages, one can note the lack of auto-
matic phoneme recognition in continuous speech, which lim-
its the practical implementation of the proposed method in 
real systems. It is also necessary to take into account that the 
construction of separate models for each phoneme requires 
additional computing resources. Thus, phoneme-by-pho-
neme announcer recognition based on ultra-short utterances 
demonstrates stability, practical applicability, and the po-
tential for expansion, especially in the context of language 
specificity and limited data.

The fact that the phoneme model is capable of providing 
higher accuracy of announcer recognition compared to the 
generalized model makes this method promising. In the fu-
ture, additional research is required to answer a number of 
important questions. For example, is it possible to implement 
language-independent announcer recognition using this ap-
proach? It is also necessary to analyze what final accuracy 
such a system can provide, taking into account the need to 
recognize individual phonemes in continuous speech.

7. Conclusions

1. It has been found that the announcer recognition ac-
curacy depending on the speech signal duration (number of 
words) for all four voice models is very well described by a 

decreasing power function. The relative approximation error 
of the power function in our case lies in the range from 7 % 
to 11 %. As is known, the value of the average approximation 
error of up to 15 % indicates a well-chosen model describing 
the pattern of experimental data.

2. A comparative analysis of the announcer identification 
error by different voice models has revealed that models 
based on individual phonemes have higher accuracy com-
pared to the generalized model. For example, for an utterance 
consisting of 24 words (corresponding to a signal duration 
of 2–3 seconds of pure speech), the recognition error of the 
generalized model turned out to be approximately 0.25, and 
for phoneme models “A”, “O”, and “E”, the error values are 
0.18, 0.21, and 0.15, respectively. These numbers show that 
the voice model built on the phoneme “E” has the highest 
announcer identification accuracy, significantly exceeding 
the generalized model. At the same time, the model built on 
the phoneme “E” for 2–3 seconds of shear speech provided 
announcer recognition accuracy of 85 %, which is 7 percent-
age points higher than the maximum accuracy achieved in 
previous studies.
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