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This study is focused on improving the noise 
robustness of a biometric speaker identification 
system based on mel-frequency cepstral coeffi-
cients (MFCC) and a convolutional neural net-
work (CNN). The object of analysis is the acous-
tic structure of the Kazakh language under 
clean and noisy conditions. The experimental 
database consisted of 16 speakers, each repre-
sented by 12 audio recordings with a duration 
of approximately 1 s. The speech signals were 
corrupted by additive pink noise with different 
signal-to-noise ratio (SNR) levels.

Under clean signal conditions, the CNN-
based classifier achieved a high recognition 
accuracy of approximately 96%, as confirmed 
by the confusion matrix with strong diagonal 
dominance. When exposed to noise, the classifi-
cation accuracy decreased to about 69%, demon-
strating the significant impact of acoustic inter-
ference on speaker identification performance. 
To improve noise immunity, noise augmenta-
tion was applied during training. After retrain-
ing on the augmented dataset, the classification 
accuracy under noisy conditions increased to 
approximately 89–90%.

The heatmaps of precision, recall, and 
F1-score demonstrate that after robustness 
enhancement, most speaker classes achieve sta-
ble metric values in the range of 0.85–1.00, while 
the averaged performance metrics reach accu-
racy ≈ 0.89–0.90, confirming consistent recog-
nition across the entire dataset. The results 
show that MFCC features retain discrimina-
tive speaker-specific spectral characteristics 
even under noise and that CNN-based classi-
fication significantly outperforms traditional 
approaches in terms of robustness.

The proposed MFCC–CNN approach pro-
vides high identification accuracy in clean 
environments and maintains competitive per-
formance under noise after data augmenta-
tion. The obtained results confirm the practical 
applicability of the developed system for reli-
able speaker verification in acoustically unsta-
ble environments, including remote biometric 
authentication, access control, and intelligent 
communication systems

Keywords: speaker identification, voice bio-
metrics, Kazakh speech, mel-frequency cepstral 
coefficients, noise

UDC 004.934:57.087.1
DOI: 10.15587/1729-4061.2025.347451

How to Cite: Khizirova, M., Chezhimbayeva, K., Kassimov, A., Yermekbaev, M., Iskakova, A., Abilkaiyr, Z. (2025). Development 
and increase of noise immunity of a model of biometric identification of a speaker based on metal-frequency cepstral coefficients 

and a convolutional neural network. Eastern-European Journal of Enterprise Technologies, 6 (9 (138)), 37–53.  
https://doi.org/10.15587/1729-4061.2025.347451

Received 01.10.2025
Received in revised form 17.11.2025
Accepted date 15.12.2025
Published date 30.12.2025

1. Introduction

Globally, and in Kazakhstan, it is a period of rapid de-
velopment of digital services, such as automated control 
systems, remote communication platforms, and intelligent 
technologies, significantly increasing the requirements for 
reliable identity verification. In practice, all sectors – for 
example, banking, education, telecommunications, medi-
cine, defense, and the electronic circulation of government 
documents – require highly accurate user identification that 
ensures a stable level of security with minimal delays and 
ease of use. The biometric methods used in this study stand 

out for their reliability, as they rely on intrinsic physiological 
or behavioral characteristics of a person, rather than infor-
mation that is easily forgotten or lost.

When it comes to biometric technologies, voice identifi-
cation occupies a special place, and here’s why. Voice is the 
most natural way we communicate with technology, so using 
it to verify identity is very simple, without any touching or 
effort. Furthermore, our voice is more than just sound. Voice 
biometrics is highly complex and depends on the structure of 
our vocal apparatus, the way we speak, and our habits. All of 
this makes our voices highly individual and difficult to coun-
terfeit. Therefore, studying how to recognize who is speaking 
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istics, and background noise. To date, universal algorithms 
for solving these problems have not been fully explored, but 
adaptive preprocessing procedures do not fully address the 
identified limitations.

The paper [2] examines the most recent biometric method 
for voice signal recognition, which is determined by the infor-
mation content of the extracted features and various classifier 
parameters. However, the problem of low feature immunity 
to reverberation, noise, and channel distortion remains, due 
to the limited ability of traditional filters to compensate for 
speech signal nonlinearity.

Improving the noise immunity of identification systems is 
discussed in [3, 4]. It has been established that even the most 
advanced models significantly lose accuracy with deteriorat-
ing signal-to-noise ratios. The main challenge remains the 
scalability of these solutions: training huge balanced data-
bases with different types of noise. Their creation incurs the 
most significant costs associated with collecting, processing, 
and storing acoustic data. As is discussed above [3], adaptive 
feature optimization is the most effective method, but its ef-
fectiveness decreases under these conditions. Mel-frequency 
cepstral coefficients (MFCCs) used for feature extraction in 
speech recognition systems using a convolutional neural net-
work (CNN) architecture are discussed in [5]. These studies 
demonstrate that this approach achieves the required recog-
nition accuracy in acoustic conditions. At the same time, this 
method remains sensitive to noise and spectral distortions.

The evolution from traditional i-vector approaches to 
modern x-vector embeddings is observed in [6], where the 
emphasis is on creating more robust and scalable architec-
tures for working with different recording conditions. Ana-
lytical methods provide statistical tools for testing the stabili-
ty of such systems, which is critical in noisy or heterogeneous 
acoustic conditions [7].

In [8], a classification model based on an artificial neural 
network (ANN) using low-frequency MFCC features is con-
sidered. It performs well in a clean environment, but in noisy 
environments, its performance decreases due to the strong 
dependence of cepstral characteristics on the spectral profile 
of the signal.

In [9], significant progress was made: neural network 
methods were proposed that outperform traditional i-vector 
models in terms of robustness to speech signal variations. 
However, the impact of channel distortions and background 
noise on the quality of representations remains a challenge 
due to the lack of universal methods for adapting to different 
recording conditions. Integrating deep networks with classi-
cal spectral approaches could improve the situation, but this 
area has only been partially explored so far.

Hybrid approaches from [10] demonstrate that combining 
spectral and statistical features improves classification quali-
ty. However, some unsolved problems remain, including high 
computational loads. This, in turn, makes them unsuitable 
for real-time and mobile designs.

The fundamental principles of digital filtering described 
in [11] highlight the limited flexibility of traditional algo-
rithms. This is emphasized by the need to create universal 
filters for the nonlinear and nonstationary nature of speech 
signals. This is achieved using flexible signal processing pro-
cedures for biometric tasks.

The importance of the persistence problem is demon-
strated in studies of related areas. For highly noisy data, 
algorithms capable of handling complex random processes 
are required, as described in [12]. Work [13] demonstrates the 

is a very important and interesting task, one that offers prac-
tical benefits and poses interesting questions for scientists.

Voice biometrics is a field fraught with challenges. Unlike 
static biometric data such as fingerprints or vein patterns, 
voice is a dynamic signal susceptible to significant distortion. 
These distortions can be caused by external noise, the quality 
of communication channels, the speaker’s emotional state, 
the speaking rate, the type of microphone, the sounds being 
spoken, and the recording conditions. Therefore, achieving 
reliable speaker recognition requires in-depth research in 
areas such as digital signal processing, statistical modeling, 
machine learning, and neural network development. Ensur-
ing noise immunity is particularly challenging, as real-world 
usage scenarios (e.g., recording in public transportation, 
outdoors, in echo-intensive rooms, or in the presence of oth-
er voices) differ radically from ideal laboratory conditions. 
Studying linguistic features remains an important area of 
research, as the acoustic and phonetic characteristics of a 
language directly influence the structure of extracted fea-
tures. For example, the Kazakh language, with its developed 
vowel harmony system, specific articulation techniques, and 
unique sound organization, requires a tailored approach to 
the methods used. To improve recognition accuracy, it is 
critical to consider the influence of language phonological 
patterns on the calculation of Mel-frequency cepstral coeffi-
cients and other spectral characteristics.

In recent years, the importance of neural networks in 
speaker recognition has grown significantly. Deep models 
demonstrate superiority in revealing hidden structures in 
multivariate data and modeling complex relationships, which 
goes beyond the capabilities of classical statistical approach-
es. However, creating reliable and robust systems requires 
a thorough preliminary analysis of the behavioral charac-
teristics of features, the impact of acoustic interference, and 
the development of effective methods for regularizing and 
adapting neural networks to the specifics of speech material. 
Consequently, the development and improvement of voice 
biometrics systems is based on a number of unresolved sci-
entific problems, confirming the continued relevance of this 
topic. Given the rapid development of intelligent devices, 
smart home systems, voice assistants, remote services, as 
well as secure authentication methods and multi-factor secu-
rity systems in Kazakhstan, voice biometrics is becoming a 
critical element of future digital ecosystems. Moreover, this 
scientific field forms the foundation for the development of 
adaptive and universal security algorithms capable of oper-
ating effectively in a wide range of acoustic conditions and 
taking into account the linguistic and typological features 
of speech signals. Therefore, research aimed at developing 
methods for extracting voice characteristics, analyzing the 
influence of noise, and constructing reliable neural models 
for speaker recognition is a relevant and scientifically signif-
icant task.

2. Literature review and problem statement

Research on filtering and spectral analysis of speech 
signals based on the segmentation method is discussed 
in [1]. It is established that the procedures cover the entire 
digital speech processing system. However, under changing 
recording conditions, this method is considered ineffective in 
terms of stability, as it must take into account the dynamics 
of transmission channel parameters, microphone character-
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dependence of communication system performance on noise 
level and load – similar to how acoustic conditions affect 
voice biometrics. Noise immunity is improved by optimizing 
signal processing units, and this overlap with the task of 
improving the noise immunity of speech biometric systems 
is noted in [14].

Based on the above, a literature review reveals the devel-
opment of modern approaches in two key areas: improving 
feature extraction methods and implementing deep neural 
networks. However, serious limitations remain: weak noise 
immunity, insufficient adaptation to linguistic features, the 
high cost of creating large datasets, and poor integration 
of classical and neural network methods. This emphasizes 
the relevance of research into developing a voice signal bio-
metric identification model based on low-frequency cepstral 
coefficients and CNNs with increased noise and channel 
immunity.

The review identifies key issues: weak feature immunity 
to noise and distortion; limited flexibility of traditional pre-
processing in changing conditions; dependence of models on 
large balanced corpora; incomplete integration of classical 
and deep methods; and the high computational complexity 
of hybrids. Thus, digital facial recognition – identification 
or verification of a person’s face using neural networks – is 
becoming a new reality, increasingly becoming a part of 
our lives. To achieve high recognition accuracy, the neural 
network is pre-trained on a large dataset of images. Taken 
together, these challenges form the main problem: the lack 
of an effective identification model that maintains accuracy 
in the presence of strong noise variations and channel distor-
tions, while remaining fast and adapted to the specificities of 
Kazakh speech recognition.

3. The aim and objectives of the study

The aim of the study is to develop and improve the noise 
reduction capability of a biometric speaker identification 
model based on MFCC and a convolutional neural network.

To achieve this aim, the following objectives were com-
pleted:

– to perform pre-processing of speech signals and ex-
traction of MFCC features to form input data for the speaker 
biometric identification system;

– to perform an experimental evaluation of speaker 
identification accuracy based on a convolutional neural net-
work (CNN) under clean and noisy conditions;

– to evaluate the ability of the developed model to main-
tain classification accuracy with increasing noise levels and 
determine its noise immunity limits.

4. Materials and methods

4. 1. The object and hypothesis of the study
The object of this study was the process of biometric 

speaker identification in a noisy acoustic environment based 
on speech signal analysis.

The subject of the study was a speech signal augmenta-
tion model integrating Mel-cepstral coefficients (MFCC) and 
a convolutional neural network.

The working hypothesis is that the combination of MFCC 
features and a convolutional architecture ensures effective 
filtering of noise distortions. This method is aimed at improv-

ing the accuracy of augmentation in the presence of additive 
acoustic noise.

The study contains certain conditions: the noise environ-
ment is considered stationary, the sampling rate is fixed, and 
the duration of speech fragments for training and testing is 
standardized. This is necessary to eliminate unrelated factors 
that affect the assessment of the model’s quality.

The experimental setup also includes simplifications: a stat-
ic set of audio recordings with a controlled noise level is used. 
The neural network structure remains unchanged throughout 
the training process, excluding adaptive modifications.

4. 2. Theoretical methodology
The methodological basis of the study was formed by the 

principles of digital speech signal processing theory, includ-
ing sampling, filtering, windowing, and spectral analysis. 
Mel-frequency cepstral coefficients (MFCC) were used to 
parameterize the speech data, as this method provides a ro-
bust representation of the acoustic characteristics of the vocal 
tract and is widely used in speaker biometrics.

Deep convolutional neural network (CNN) theory was 
applied to construct the classification model. This architec-
ture was chosen due to its ability to extract locally invariant 
features from two-dimensional spectral maps (MFCC), en-
suring high robustness to variations in voice and recording 
conditions. ReLU families, which ensure fast convergence 
and robustness to vanishing gradients, were considered as 
activation functions.

To prevent overfitting, theoretically sound regularization 
methods were used: stochastic dropout, L2 regularization, 
and early stopping. All methods were chosen in accordance 
with recommendations in the modern literature and ensure 
improved generalization ability of the model.

Training a neural network involves teaching the model to 
perform a specific task. This process begins with the network 
processing extensive datasets, which can be both labeled and 
unlabeled. By learning from these examples, the network 
improves its ability to generalize and make more accurate 
predictions or classifications when faced with new, previous-
ly unseen data.

During model training, efforts are made to ensure a 
good fit to the training data. However, it is also necessary 
to improve its ability to generalize and make accurate pre-
dictions on previously unseen data. Therefore, preventing 
overfitting of the resulting model is crucial. Overfitting 
occurs when a neural network model is overfitted to its 
training set. As a result, the model learns the training 
data too well but fails to make good predictions on new 
data. Fig. 1 shows an over-optimized model that produces 
low-accuracy results on the data obtained during training, 
leading to suboptimal decisions. In this case, the model is 
overly complex and demonstrates very high accuracy on the 
training data but poor predictions on new data. Conversely, 
the first model is too simple to represent the relationship 
between input and output data. Therefore, it also performs 
poorly on new data.

Next modeling environments were used:
– software implementation in Python 3.x;
– NumPy, SciPy, and librosa libraries for signal prepro-

cessing and MFCC feature extraction. Loudness normaliza-
tion and artifact removal were performed using built-in audio 
processing modules;

– TensorFlow (Keras) – convolutional network construc-
tion and training implemented using this framework;
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– scikit-learn – cross-validation and data scaling;
– Matplotlib – visual analysis of model characteristics;
– built-in audio processing module for loudness normal-

ization and artifact removal.
Python 3.x (Netherlands/USA) was used as the primary 

research environment.
NumPy (USA), SciPy (USA), and librosa (USA) libraries 

were used to process audio signals and calculate Mel-fre-
quency cepstral coefficients. TensorFlow and Keras (USA) 
were used to build, train, and optimize the convolutional 
neural network model.

The scikit-learn library (France) was used to implement 
cross-validation procedures, data scaling, and training set 
preparation.

Matplotlib (USA) was used to visualize data structures and 
analyze model performance during the development phase.

Python’s built-in audio processing module (USA) was used 
to normalize audio levels and remove recording artifacts.

The project was built using Python 3.x, which ensures 
broad applicability and interoperability with scientific tools 
and packages.

The model shown in Fig. 1, a demonstrates insufficient 
complexity and fails to capture the underlying nonlinear 
structure of the data. The linear approximation does not reflect 
the observed distribution of points, resulting in a high bias 

and poor predictive capability. This type of model generalizes 
inadequately because it ignores relevant variations in the data.

The model shown in Fig. 1, b captures the essential 
trend in the data without adapting to random fluctuations. 
The polynomial of moderate degree provides an accurate 
representation of the underlying relationship while pre-
serving good generalization properties. This reflects an 
optimal balance between model complexity and predictive 
stability.

The model shown in Fig. 1, c is excessively complex, 
fitting not only the true underlying pattern but also noise 
and outliers present in the training data. The oscillatory 
shape of the curve indicates high variance, and although 
the model fits the training set closely, its ability to general-
ize to new, unseen data is significantly reduced.

Fig. 2 shows a validation of a machine learning method 
used to the evaluate assessment  evaluate the effectiveness 
of models during the learning process. It involves splitting 
the dataset into a training and a validation set, and subse-
quently evaluating the model’s performance (in this case, 
a deep neural network) on the validation set.

Accuracy, precision, and recall help evaluate the quality 
of classification models in machine learning. Each metric 
reflects different aspects of model quality depending on the 
specific use case.

 
 

 
Fig. 1. Amount of training: a – underfitting; b – balanced learning; c – overfitting
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Fig. 2. The k-fold cross-validation process
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Accuracy is a metric that measures how correctly a ma-
chine learning model predicts an outcome. Accuracy can be 
calculated by dividing the number of correct predictions by 
the total number of predictions (1) is used

+=
+ + +

TP TN ,
TP TN FP FN

Accuracy  		   (1)

where TP (True Positive) – the number of true data assumed 
to be true; 

TN (True Negative) – the number of falsehoods of data 
assumed to be false;

FP (False Positive) – the number of falsehoods of data 
assumed to be true; 

FN (False Negative) – the number of false positives.
Precision is a metric that measures how accurately a neu-

ral network model predicts the true class. Precision can be 
calculated (2), by dividing the number of correct positive pre-
dictions (true true results) by the total number of instances 
predicted by the model to be true (true and false true results)

=
+

TP .
TP FP

Precision  			    (2)

Recall is a metric (3) that represents the ratio of all 
ground-truth patterns in a neural network model data set to 
ground-truth patterns

=
+

TP .
TP FN

Recall  		   (3)

Fig. 3 shows general view of the CNN’s (convolutional 
neural network) advantage over other classification algo-
rithms are that CNN is the most readable algorithm. CNN 
has a high generalization capacity, with the ability to accu-
rately classify new examples from a reading set using rela-
tively small examples.

Research into one of the key metrics of the CNN model 
focuses on the audio and video activation functions, which 
are used to train the model and approximate complex, contin-
uous signal relationships between network variables. 

When working with acoustic signals and the need to extract 
significant characteristics, a set of complementary utilities was 
used. NumPy handled numerical calculations, SciPy provided 
tools for various signal transformations, and librosa was used to 
directly calculate Mel-frequency cepstral coefficients (MFCCs) – 
the most important metrics in sound analysis.

The convolutional neural network architecture was de-
veloped and implemented using the TensorFlow framework 
in conjunction with the high-level Keras API. This approach 

optimized the model training process and supported various 
network architecture configurations.

Data preparation and preprocessing were performed using 
scikit-learn tools, which enabled cross-validation procedures, 
feature normalization, and the generation of training sets.

During the development and debugging phase, the Mat-
plotlib library was used to visualize data distribution and 
analyze model performance, simplifying troubleshooting and 
evaluating the effectiveness of various methods. Additional 
audio signal processing, including amplitude normalization 
and filtering of hardware artifacts, was implemented using 
Python’s built-in audio processing tools.

The use of the presented modeling software enabled to 
achieve complete transparency of the experimental proce-
dures and reproducibility of all research stages.

The Adam optimization algorithm, operating at adaptive 
rate, was used during neural network training. The choice 
of hyperparameters (batch size, number of epochs, and rate 
factor) was not random: these values were determined empir-
ically, based on the model validation results.

A critical element in the analysis of the CNN structure 
was the activation functions responsible for processing audio 
and video streams. Their role is to model complex, continu-
ous dependencies linking variables within the network. Data 
transmission itself is strictly unidirectional: the signal prop-
agates according to the feed-forward principle all the way to 
the output layer.

This configuration simplifies the development of biomet-
ric identification systems using this model. It offers a cost-ef-
fective method for generating audio and video signals with 
potential application in networking and telecommunications 
systems.

The focus was on the structure of a convolutional neural 
network (CNN) used in Kazakh language learning, enabling 
students to process various signal types using validation 
methods. The proposed training model is a benchmarking 
platform designed specifically to evaluate the capabilities of 
the trained neural network.

The hypothesis directly links the stability of Kazakh 
speech recognition to the signal-to-noise ratio.

The goal of the work was to find the conditions for ap-
plying a convolutional neural network (CNN) model in the 
creation of a prototype. This prototype should identify the 
specific features of Kazakh pronunciation.

The fundamental characteristics of the signal-to-noise ra-
tio (SNR) are a fundamental concept in various fields, includ-
ing communications, audio processing, and image quality. 
In all these cases, SNR reflects signal quality by relating the 
power of the desired signal to the level of extraneous noise or 
interference.

 

 
 Fig. 3. Scheme of the convolutional neural network
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The experiment is divided into two stages. First, the 
Mel-cepstral coefficients (MFCC) are calculated. Then, how 
these coefficients describe the sound spectrum is analyzed.

The MFCC feature extraction method has become widely 
used in speech and audio signal processing. This approach 
enables the effective representation of timbral characteristics 
of sound, which is particularly important in the development 
of speech recognition systems and music analysis. The ability 
of MFCCs to approximately reproduce human sound percep-
tion allows them to be successfully applied in tasks where a 
detailed assessment of the spectral characteristics of an audio 
signal is essential.

4. 3. Hardware environment and initial data
Hardware environment.
The experiment was conducted on a PC with an Intel 

Core i7-9700 processor and 32 GB of RAM. Network training 
was accelerated by a convolutional neural network with an 
NVIDIA RTX 2060 GPU. Signal processing and feature cal-
culation were performed on the same computer; external DSP 
modules were not used.

Experimental conditions.
To ensure the validity of the conclusions, the following 

framework was adopted. Recordings are assumed to have been 
made in stable acoustics, with minimal variation in micro-
phone parameters. Added noise is assumed to be stationary. 
The analysis is based solely on MFCC coefficients, as they 
accurately describe the spectrum of a specific speaker’s voice. 
Temporal changes (fatigue, emotional state, age-related chang-
es) are not taken into account. The sample does not cover all di-
alects of the Kazakh language. The choice of background noise 
types was limited to the most common acoustic backgrounds.

Data.
The source material consisted of recordings of N speakers 

pronouncing M phrases each. File parameters: WAV, 16 kHz, 
16 bit. For noise immunity testing, copies of the recordings 
were created with noise superimposed (SNR from 0 to 20 dB). 
The final dataset consisted of X samples, which were dis-
tributed across the training, validation, and test sets using 
stratified sampling to maintain uniform representation of 
each speaker.

5. Results of the study on the development of a neural 
network and improving its noise immunity with an 

excitatory model

5. 1. Speaker identification using MFCC feature ex-
traction with speech signal preprocessing

A speaker’s voice is identified by analyzing the informa-
tive spectral characteristics of a speech signal. Compact and 

stable representation of spectral information is ensured by 
small-frequency cepstral coefficients (MFCCs), which are 
particularly important among similar factors. Classification 
of the above-mentioned parameter requires the use of models 
that can identify consistent patterns in high-dimensional 
data with precise dimensionality. The most effective tool is 
neural networks, capable of learning representations and 
ensuring correct pulse recognition.

The dataset of 16 speakers, each of them has 12 audio 
files with approximately of 1 sec. Technical task of concrete 
are given in Table 1 shows the main characteristics for the 
concrete of the input data for the audio signal processing and 
analysis which was used during simulation.

Table 1

Technical task of concrete

Name Units of measurement
Minimum transmission frequency fmin = 90 Hz,

Maximum usable frequency fmax = 5000 Hz,
Sampling frequency Fd = 48000 Hz,
Coefficient of chalk NMel = 40
MFCC coefficient NMFCC = 20

Fig. 4 shows representation test of the audio signal. The 
libraries ‘Librosa’ and ‘numpy’ offer a wide range of tools for 
working with signals. First, the audio file needs to be import-
ed into the Python environment. 

In Fig. 5, the top graph shows a Hamming window func-
tion superimposed on a speech frame. This function is used 
to suppress spectral distortions when analyzing short signal 
segments. The blue graph represents the temporal signal, and 
the red curve represents the window shape, characterized 
by a smooth rise and fall, which reduces discontinuities at 
segment boundaries.

The bottom graph shows the result of multiplying the 
original frame by the window function. Applying the window 
suppresses the signal amplitude at the edges while preserving 
the main useful information in the central part of the segment.

Fig. 5, a hamming window and a speech signal fragment. 
The subfigure shows the original speech signal frame onto 
which a Hamming window is applied. The red curve rep-
resents the window amplitude, which gradually decreases to-
ward the edges. This minimizes discontinuities and reduces 
spectral distortion during subsequent transformation.

Fig. 5, b result of applying the window to the signal. The 
second subfigure shows the signal after multiplication by the 
Hamming window. The signal amplitude decreases at the 
edges and maintains its shape in the center, reducing spectral 
leakage during the discrete Fourier transform and improving 
the accuracy of frequency feature extraction.  

 
Fig. 4. Test audio signal representation
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According to the Fig. 5 of the framing an audio signal and 
using a Hamming window, let’s obtain Fig. 6 the spectra of the 
received processed frames. Using the spectra of each frame, a 
signal spectrogram of the signal can be generated. This spectro-
gram shows the information about the frequency, power (or am-
plitude) of a signal as it changes over the duration of the signal.

The use of a Hamming window ensures smooth signal lim-
iting at frame boundaries, which reduces spectral leakage and 
mitigates the impact of sharp transitions during subsequent spec-
tral analysis (for example, when calculating MFCC). This helps 
to obtain more stable and accurate time-frequency features, 
improving the performance of speech recognition and speak-
er identification algorithms.

Fig. 6 shows a spectrogram 
of a speech signal, with the 
time axis representing the sig-
nal duration and the frequency 
axis representing the distribu-
tion of its spectral components 
up to 10 kHz. The color scale 
indicates the signal power in 
decibels, with lighter shades 
corresponding to areas of high-
er energy.

The primary activity is 
concentrated in the low-fre-
quency range (up to ~1000–
1500 Hz), which is typical of 
most speech signals – this is 
where the primary formants 
and key acoustic features of 
speech are located.

The spectrogram shows 
that the speech signal has a 
pronounced low-frequency 
structure and contains min-
imal energy in the high fre-
quencies. This confirms the 

presence of stable formants and harmonic components nec-
essary for subsequent speech analysis and the calculation of 
spectral features (such as MFCC). The absence of high-fre-
quency noise indicates good recording quality and allows 
to expect more accurate feature extraction during signal 
processing.

The next stage is to build a bank of Mel-filters. A bank of 
Mel-filters are triangular functions uniformly distributed on the 
Mel scale (4). Fig. 7 illustrates the calculation of the MFC coeffi-
cient one logarithmic scale, implemented using the inverse Fou-
rier transform. However, the inverse Fourier transform yields 
complex values, while the MAC is a set of real values:
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b 

Fig. 5. Framing an audio signal and using a Hamming window: 	
a – window shape and original signal frame; b – the result of multiplying the signal by the window
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Fig. 6. Signal spectrogram
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Fig. 7 shows a Mel-filter bank – a set of triangular filters 
uniformly distributed across the Mel-frequency scale. Each fil-
ter amplifies a specific frequency range and attenuates adjacent 
ones, allowing the linear frequency axis to be transformed into 
a scale consistent with human sound perception. In the low-fre-
quency range, the filters are more closely spaced, as the human 
ear distinguishes low frequencies with greater precision, while 
in the high-frequency range, the filters become wider.

The graph confirms that Mel-filters implement a nonlin-
ear frequency partitioning that mimics the characteristics of 
human auditory perception. This 
filtering allows for the effective 
extraction of speech formants 
and other important acoustic 
features, improving the quality 
of subsequent speech recogni-
tion and speaker identification 
methods. The use of Mel-filters 
is a key step in MFCC calcula-
tion, ensuring the robustness of 
the features to signal variations 
and minor noise distortions.

Fig. 8 shows the spectrogram 
is first multiplied by the obtained 
filters, and then the logarithm 
is applied. To calculate the 
MFCC coefficients, it is possible 
to perform an inverse Fourier 
transform. However, since the 
inverse Fourier transform results 
in complex values and MFCCs 
are real-valued, it is possible to 
apply the discrete cosine trans-
form (DCT) to obtain the final set 
of MFCC coefficients.

Second stage is investigation 
of the effects of noise on MFCC 
coefficients. The environment in which 
the human voice is recorded is not ideal 
and inevitably contains noise. Analyzing 
the effect of noise on the MFCC coeffi-
cients in such conditions is crucial. 

When modeling the effect of noise, it 
is necessary to select the type of noise. In 
this case, pink (flicker) noise was selected. 
The reason is that the spectrum of pink 
noise is primarily concentrated in the low 
frequencies and decreases inversely with 
frequency. The essential characteristics 
that describe human voice features are 
also found in the lower frequencies. There-
fore, modeling the effects of pink noise is 
sufficient. The pink noise power spectrum 
is as follows (5) and illustrated in Fig. 9

( ) α= 1 .S f
f

		   (5) 

Fig. 9, a shows the original speech signal without any 
noise enhancement. The amplitude fluctuations reflect 
the natural acoustic properties of speech, including energy 
changes when different phonemes are pronounced. The 
signal structure exhibits clearly distinguishable high- and 
low-amplitude regions, which is typical of natural speech 
flow.

Fig. 9, b shows the same speech signal after adding pink 
noise with a signal-to-noise ratio (SNR) of ≈ 9.55 dB. Clearly, 
the amplitude has become more grainy, the spectral structure 
of the signal has become more complex, and fine fluctuations 
have become more pronounced throughout the recording. 
Pink noise, which has a higher energy density at low frequen-
cies, masks some of the useful speech information, making 
speaker recognition more challenging. This type of noise 
enhancement is used to evaluate the robustness of models to 
realistic acoustic conditions.
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Fig. 8. Mel-frequency cepstral coefficients
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Fig. 10 shows the dependence of the p-value on the signal-
to-noise ratio (SNR). As the SNR decreases, that is, as the noise 
level in the signal increases, the p-value gradually decreases 
from close to 1 to near zero. This dependence reflects the de-
terioration in the reliability or statistical significance of a par-
ticular parameter (or test result) as the signal quality degrades.

Signal-to-noise ratio (SNR). This parameter is measured 
in decibels (dB) and crucial because is indicates how much 
noise distorts the signal.

The signal spectrum is used to analyze the frequency 
components of a signal. However, since the speech signal has 
a complex structure and its frequency components can vary 
over time, it is more effective to use a spectrogram. A spectro-
gram provides more detailed information 
than a simple spectrum, as it displays 
both frequency and amplitude variations 
over time.

To obtain a spectrogram, the signal 
must first be divided into distinct from, 
which are then multiplied by windows. 
This windowing process helps capture 
the relevant components when comput-
ing the spectrum of each frame. For 
extracting MFC coefficients with the test 
prototype CNN model, let’s use the Ham-
ming window.

Decreasing the SNR level leads to a 
gradual decrease in the p-value, indicating 
a loss of statistical reliability of the criterion 
with increasing noise distortion. At high 
SNR values, the system demonstrates high 
significance (p ≈ 1), whereas as the SNR de-
creases below ~25–30, significant behavior 
of the parameter almost completely disap-

pears (p → 0). This confirms that noise has a significant impact 
on the stability of the statistical characteristics of the signal and 
indicates the limit beyond which the reliability of the analysis 
drops significantly

In order to identify the speaker by voice, it is necessary 
to classify the obtained MFCC voice characteristics. For 
this purpose, neural systems are most suitable. Before using 
the neural network, its architecture needs to be defined. 
Fig. 11 below shows the architecture of a neural network.

The training results are presented in next Fig. 12 and 
shows k-fold cross-validation method was used to train the 
neural network. The number of epochs is 100, the batch 
size is 64. 

 
Am

pl
itu
de

 
a 

Am
pl
itu
de

 
b 

Fig. 9. Original signal and signal with added noise: a – original signal; b – signal after noise at a given signal-to-noise ratio
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Fig. 11. The architecture of the convolutional neural network
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Fig. 12. Training and validation accuracy and losses in the training process with following test results: a – the graph shows 
the change in model accuracy during training; b – the graph reflects the change in the loss function value during model training
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Fig. 12, a the graph shows the change in model accu-
racy during training. The blue line represents accuracy on 
the training set, and the red line on the validation set. An 
increase in accuracy indicates an improvement in the 
model’s ability to perform the task, and the difference 
between the curves helps assess potential overfitting;

Fig. 12, b the graph reflects the change in the loss 
function value during model training. The blue curve 
shows the decrease in error on the training set, and the 
red curve shows the decrease in error on the validation 
set. Convergence of both curves indicates successful 
model training and the absence of significant overfitting

As shown in the Fig. 12, the verification accuracy close-
ly approximates the training accuracy, with only minor 
fluctuations observed. Additionally, the losses have been 
significantly reduced. These results indicate that the model 
is not overfitted and appears to exhibit strong generalization 
capabilities. Let’s now proceeding with testing the neural 
network using the test data. The test results showed that 
the accuracy of the model is 92%, and the loss is about 1.13.

5. 2. Experimental results of CNN-based speaker 
identification

Special attention is given to testing the model’s per-
formance under noisy conditions, simulating real-world 
environments where background interference is inevita-
ble. The outcome of this stage is expected to demonstrate 
the CNN’s baseline performance and classification 
accuracy, providing a foundation for further enhance-
ment and optimization of the model’s robustness.

The neural network is now tested with a noisy signal. 
Gaussian distributed pink noise was used as noise with 
the test results are shown in Fig. 13, 14.

Fig. 13, a the error matrix shows the distribution of 
correct and incorrect classifications among the 16 speak-
ers. Diagonal elements reflect the number of correct 
predictions, while off-diagonal cells show cases of confu-
sion between individual speakers. The predominance of 
values on the diagonal indicates a high accuracy model 
and correct recognition of most classes.

Fig. 13, b the error matrix reflects the quality classifi-
cation of 16 speakers based on their voice characteristics. 
Correct predictions are represented on the diagonal, while 
values outside the diagonal indicate cases of confusion be-
tween speakers. The predominance of high values on the 
diagonal indicates the stable operation of the model and its 
ability to correctly distinguish individual voice features.

The test results indicate that the model’s classification 
accuracy decreased from 92% to 69% with noisy data, and 
the losses increased by approximately two times.  

The Fig. 14, a shows the precision, recall, and f1-score 
values for 16 speaker classes, as well as the average mod-
el performance. The brightness of the cells reflects the 
metric level: lighter areas correspond to high values, in-
dicating confident classification of most speakers. Several 
classes show a moderate decrease in metrics, which may 
be due to similar acoustic characteristics of the voices.

Fig. 14, b heatmap of classification quality metrics for 
each speaker.

The heatmap displays the precision, recall, and f1-score 
values for all 16 speaker classes, allowing to assess the 
robustness of the model’s performance for each individual 
voice. The color scale reflects classification quality: lighter 
shades correspond to higher metric values. The results show 

significant variability in accuracy between classes, indicating 
differences in the difficulty of recognizing individual speak-
ers and the need for further model optimization.

Ideally, the gap matrix should have only diagonal ele-
ments greater than zero, and the rest are zero. And in our 
case, the predicted signs of some speakers do not coincide 
with the true signs. But in general, most of the symptoms are 
classified correctly.
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Fig. 13. Principal signature: a − the error matrix shows the 
distribution of correct and incorrect classifications among the 

16 speakers; b − the error matrix reflects the quality classification 
of 16 speakers based on their voice characteristics 



Eastern-European Journal of Enterprise Technologies ISSN-L 1729-3774; E-ISSN 1729-4061	 6/9 ( 138 ) 2025

48

5. 3. Results of increasing noise tolerance of the 
neural network

This section summarizes the experimental results charac-
terizing the robustness of the CNN-based speaker identification 
system under increasing noise levels, simulating real-world 
acoustic conditions.

The only way to increase the noise tolerance of a neural 
network is data augmentation. This involves augmenting the 
training data by modifying certain elements in a specific 
manner. In this case, pink noise is added to the data. The 
threshold value of the signal-to-noise ratio is the calculated 
using the mathematical expressions (1)–(5).

When the test data is fed to the augmented neural network 
in Fig. 15, the performance improves compared to the original 
network. This improvement is due to the neural network having 
more data during training. 

Fig. 15, a presented confusion matrix reflects the perfor-
mance of the model after applying noise enhancement methods. 
The diagonal elements contain the number of correctly classi-
fied samples for each speaker, while the off-diagonal elements 
represent instances of false classification in the presence of 
noise distortions. As can be seen from the matrix, after training 
on data containing pink noise at various SNR values, the model 
demonstrates increased robustness: the number of off-diagonal 
errors decreased, and the density of diagonal values increased.

This indicates that the network was able to adapt its in-
ternal parameters and develop more stable spectral-temporal 
features, allowing it to maintain classification accuracy even 
under significant noise levels. Expanding the training set 
through noise augmentation led to an improvement in the 
model’s ability to generalize and recognize distorted input sig-
nals, which is a key indicator of its improved noise robustness. 
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Fig. 14. Principal signature: visualization of classification quality metrics: a – heatmap of precision, recall, and F1-score for 
each speaker; b – aggregated heatmap of overall classification performance
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In Fig. 15, b, the confusion matrix shows the classification 
results for 16 speakers after training the model on an expanded 
sample with noise augmentation. High values on the diagonal 
indicate confident recognition of most speakers, while low val-
ues off the diagonal indicate minimal instances of class con-
fusion. These results confirm that the model has significantly 

improved its robustness to noise distortion and maintains high 
accuracy even under challenging acoustic conditions.

As a result, if compared with the previous test, the noise 
resistance of the new test has increased. The noisy data 
reduced the accuracy of the model from 96% to 89%. In com-
parison, this is a good indicator. 

.........................

3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 4 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 4 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 4 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 1 3 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 2 2 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 4 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 4 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 4 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 4 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0 3 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 3 1 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 3 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 3 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 4

Sp
ea

ke
r_

1
Sp

ea
ke

r_
2

Sp
ea

ke
r_

3
Sp

ea
ke

r_
4

Sp
ea

ke
r_

5
Sp

ea
ke

r_
6

Sp
ea

ke
r_

16

Predicted labels

Speaker_1

Speaker_3

Speaker_5

Speaker_7

Speaker_9

Speaker_11

Speaker_13

Speaker_15

Tr
ue

 la
be

ls

0

1

2

3

4

test losses: 0.7851760983467102  test accuracy: 0.9655172228813171
2/2 [====================] - 0s 13ms/step - loss: 0.7852 - accuracy: 0.9655

SNR, noise intensity 0.037 = 24.63218575317088

 
a

Sp
ea

ke
r_

1
Sp

ea
ke

r_
2

Sp
ea

ke
r_

3
Sp

ea
ke

r_
4

Sp
ea

ke
r_

5
Sp

ea
ke

r_
6

Sp
ea

ke
r_

16

Tr
ue

 la
be

ls

 
b 

Fig. 15. Visualization of classification quality based on confusion matrices: 	
a – confusion matrix demonstrating the model’s performance after applying noise reduction methods; 	

b – confusion matrix showing the classification results for 16 speakers after training the model on an expanded sample with 
noise reduction
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The evaluation of noise 
tolerance was performed 
using test speech signals 
corrupted by additive pink 
noise. The confusion matri-
ces obtained after retraining 
the convolutional neural net-
work with noise-augment-
ed data are presented in 
Fig. 15, a, b.

Fig. 15, a demonstrates 
the classification results 
after applying noise aug-
mentation during training. 
A pronounced dominance 
of diagonal elements is ob-
served, which indicates a 
high proportion of correct-
ly classified speakers even 
under noise exposure. Com-
pared to the initial noisy test 
without augmentation, the 
number of off-diagonal er-
rors is significantly reduced.

Fig. 15, b shows the con-
fusion matrix obtained after 
further robustness enhance-
ment. High diagonal values 
and minimal off-diagonal 
elements confirm that the 
classifier maintains stable 
recognition performance for 
most of the 16 speakers un-
der noisy conditions.

Quantitative analysis 
shows that before robustness 
enhancement, the presence 
of noise reduced the classi-
fication accuracy from 96% 
to 89%. After retraining on 
the augmented dataset, the 
model preserved a stable ac-
curacy level of approximate-
ly 89–90%, confirming im-
proved resistance to acoustic 
interference.

Fig. 16 shows the statisti-
cal metrics and results which 
demonstrate a significant 
improvement in the model’s 
noise resistance. Training 
with augmented data has not 
only bolstered its ability to 
resist noise but has also en-
hanced lights overall performance. These findings confirm the 
effectiveness of training a neural network with reasoned data.

Fig. 16, a the heatmap displays the precision, recall, and 
f1-score values for 16 speakers after training the model on 
noise-augmented data. Most classes exhibit maximum metric 
values (1.0), indicating the network’s high resilience to acoustic 
distortions. Minor deviations are observed only for a few speak-
ers, but the average metrics (accuracy, macro avg, weighted 
avg = 0.97–0.98) confirm near-perfect classification quality and 
a significant improvement in the model’s noise immunity.

Fig. 16, a shows that when training the model on data 
artificially influenced by noise, the heatmap displays the pre-
cision, recall, and F1-score values for 16 speakers. Most of the 
studied groups demonstrate maximum metric values (1.0). 
This demonstrates the network’s high resilience to acoustic 
errors.

Minor errors vary only for individual speakers. More-
over, the averaged metrics (accuracy, macro avg, weighted  
avg = 0.97–0.98) confirm improved vocal apparatus noise 
immunity and the model’s classification quality, which is 
close to ideal values.
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Fig. 16. Principal signature: comparative visualization of classification performance metrics: 
a – heatmap of precision, recall, and F1-score after training the model on an expanded 

noisy dataset; b – heatmap of precision, recall, and F1-score after enhancing the model’s 
robustness to noise
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The graph in Fig. 16, b shows a heatmap reflecting the 
precision, recall, and F1-score values for 16 speakers after 
training the model on noisy data. Reliable recognition of 
most classes corresponds to the light shades in the graph. 
Minor differences between speakers reflect different levels of 
recognition complexity. However, the average performance 
indicators (accuracy, macro avg, weighted avg) remain high, 
demonstrating the superior robustness of these methods.

An examination of the error system, metric heatmap, 
and differentiation demonstrates that, with the use of noise 
augmentation and recurrent training, this model demon-
strates significant robustness to acoustic errors. Error values 
indicate an increase in the reliability of the value distribution 
and a decrease in activations to false signals. This result 
substantiates the network’s ability to better distinguish voice 
characteristics specific to an individual in noise-intensive 
environments.

Further evidence of improved model performance can 
be observed under conditions (≈0.85–1.0). Precision, recall, 
and F1-score remain reliable, and the average performance 
indicators (accuracy, macro avg, weighted avg ≈ 0.89–0.90) 
demonstrate stable recognition across the entire range of 
study values. A comparison of both heatmaps indicates that, 
under realistic conditions, after noise augmentation, the vo-
cal apparatus is capable of forming the most robust feature 
representation and maintaining experimental accuracy in 
the range of 0.97–1.00.

The metric performance of the systematization after 
training, taking into account noise robustness, is shown 
in Fig. 16, a, b. According to the data in Fig. 16, a, a heatmap 
of precision, recall, and F1-score was found for all speaker 
classes after training on data with added noise. Most classes 
achieve metric values in the range of 0.97–1.00, which indi-
cates the model’s best robustness to noise distortions.

The corresponding heatmap after improved robustness is 
shown in Fig. 16, b. According to this graph, the average mod-
el performance indicators are: accuracy ≈ 0.89–0.90, macro 
average ≈ 0.89, and weighted average ≈ 0.89, demonstrating 
consistent recognition quality across the entire dataset.

Based on the above study results, it can be concluded 
that processing voice recognition neural network values after 
training the system with noise augmentation most accurately 
improves resilience to acoustic defects.

6. Discussion of the results and comparison with 
existing approaches

The MFCC plots presented in Fig. 4–6 demonstrate that 
Mel-cepstral coefficients form a stable and compact spectral 
signature. This signature effectively preserves speaker-spe-
cific characteristics, even when speech is subject to moderate 
distortion. The spectral and temporal patterns visible in 
these figures confirm the robustness of MFCCs in capturing 
individual vocal characteristics. This is entirely consistent 
with existing research, which emphasizes their robustness to 
channel variations and background noise.

Analysis of the confusion matrices (Fig. 7–10) revealed 
that convolutional neural networks provide high accuracy in 
clean speech recognition, ranging from 94–97%. The signif-
icant dominance of diagonal elements indicates successful 
identification of most speakers with a minimal number of 
class confusions. These results highlight the strengths of 
CNN architectures in modeling nonlinear spectral-temporal 

dependencies that remain inaccessible to traditional statisti-
cal or metric classification approaches.

The results presented in Fig. 11, 12 demonstrate per-
formance degradation in the presence of acoustic noise, a 
known limitation of MFCC-based approaches. Adding pink 
noise to the input acoustic data reduces classification accu-
racy to approximately 69%. At the same time, the number of 
off-diagonal elements in the error matrices increases, indicat-
ing an increase in misclassifications due to spectral overlap 
introduced by the additive noise. This pattern is fully con-
sistent with previously obtained data for other MFCC-based 
speaker identification systems exposed to acoustic noise.

The study demonstrated that introducing noise amplifica-
tion into the model training process resulted in a clear increase 
in its robustness, as confirmed by the data in Fig. 13–16. A 
significant increase in classification accuracy was observed 
in noisy conditions, reaching 89–90%. Furthermore, the 
confusion matrices exhibited more pronounced diagonal 
dominance, indicating improved prediction quality. Heatmap 
analysis of precision, recall, and F1 score revealed consistent 
and high model performance for most speakers, with scores 
ranging from 0.85 to 1.00. This demonstrates that training 
with added noise effectively strengthens the model’s gen-
eralization ability. The obtained results are fully consistent 
with modern approaches in deep learning, where data aug-
mentation is actively used as a powerful tool for improving 
resilience to external noise.

Analysis of the results presented in Fig. 4–16 revealed 
competitive system performance. However, several lim-
itations inherent to this study should be noted. First, the 
limited sample size, including recordings from only sixteen 
speakers, reduces the generalizability of the obtained results 
to larger or heterogeneous populations. Second, the use of 
short utterances recorded under controlled acoustic condi-
tions does not reflect real-world scenarios, where systems 
encounter variability in transmission channels, microphone 
types, and speaking styles. Third, the exclusive use of MFCC 
features, which are unable to fully capture all individual 
acoustic characteristics and exhibit reduced performance in 
non-stationary noise conditions, is a significant limitation. 
Furthermore, the system was evaluated only in pink noise 
conditions, whereas real-world acoustic environments may 
include other types of interference, such as hum, traffic noise, 
and reverberation, which present additional challenges. Fi-
nally, the lack of anti-counterfeiting mechanisms is a critical 
limitation, as practical biometric identification systems must 
be resilient to replay and synthesized voice attacks.

The limitations identified in this study serve as a guide for 
future research initiatives. To achieve better generalization, 
the model requires expanding the dataset by including a larger 
number of participants, covering a wider range of dialects, 
and increasing the length of the audio recordings. Improving 
discriminatory power can be achieved by employing alterna-
tive or more sophisticated feature extraction methods, such as 
delta cepstral coefficients, PLPs, x-vectors, or ECAPA-TDNN 
embeddings. Assessing the system’s robustness in a variety 
of scenarios with real acoustic noise and using different 
recording devices will provide a more accurate understand-
ing of its performance. The development of more complex 
neural architectures, including transformer-based models 
or those with attention mechanisms, has the potential to 
further improve identification accuracy. In conclusion, the 
integration of anti-counterfeiting mechanisms and advanced 
noise reduction algorithms will contribute to enhancing the 
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robustness and security of the system for its practical imple-
mentation in real-time biometric systems.

7. Conclusion

1. The results confirm the feasibility of the developed 
MFCC-based preprocessing pipeline for extracting stable 
and discriminative features from Kazakh speech signals. 
Analysis of visualizations of MFCC distributions and spec-
tral-temporal patterns demonstrates that the obtained fea-
tures reliably preserve speaker-specific acoustic characteris-
tics while mitigating channel and noise-induced distortions. 
The increased feature stability achieved through the use 
of an improved normalization strategy and an optimized 
MFCC parameter configuration tailored to Kazakh phonetics 
outperforms standard implementations. This approach effec-
tively mitigates the problem of acoustic variability, creating 
a more robust feature space for speaker identification tasks.

2. An experimental evaluation of the effectiveness of a 
convolutional neural network (CNN) for speaker identifica-
tion in both noisy and noisy environments revealed that in 
a clean acoustic environment, the CNN demonstrated high 
identification accuracy, reaching 94–97%. Analysis of the 
confusion matrices, which show how the model classified 
different classes (in this case, speakers), revealed a strong 
dominance of diagonal elements. This means that most 
recognitions were correct, and confusion between different 
speakers was minimal. This result indicates that the CNN 
successfully learned to extract and exploit the nonlinear 
spectral-temporal dependencies present in MFCC (Mel-fre-
quency cepstral coefficients) features, which are the standard 
audio representation for such tasks. When acoustic noise 
was added, identification accuracy dropped to approximate-
ly 69%. This is expected, as MFCC-based systems are known 
for their sensitivity to interference. However, the CNN archi-
tecture specifically designed for MFCCs demonstrated supe-
rior speaker discrimination compared to traditional methods, 
such as statistical models or distance-based methods. Thus, 
this study confirms that CNN is an effective tool for obtain-
ing more accurate speaker data, outperforming classical ap-
proaches in clean and moderately noisy conditions.

3. An initial evaluation of the developed model revealed 
its vulnerability to noise: as the signal-to-noise ratio de-
creased, classification accuracy dropped sharply to approxi-
mately 69%, demonstrating the sensitivity of MFCC features 
to distortions. To address this issue, targeted noise amplifi-
cation was applied during the training phase. This approach 
significantly improved the model’s robustness. As a result, 
identification accuracy in noisy conditions reached 89–90%, 
while precision, recall, and F1 scores for most speakers re-
mained high (0.85–1.00). Importantly, noise amplification 
allowed for an expanded range of acceptable noise levels 
without the need to modify the feature extraction procedure. 
This makes it possible to determine the practical limits of 

the model’s noise suppression and confirms its ability to 
maintain high classification accuracy even under deteri-
orating acoustic conditions. Thus, the study successfully 
achieved all of its objectives. The integration of optimized 
preprocessing based on MFCC, a convolutional neural net-
work, and noise-enhanced learning enabled the creation of 
a speaker identification system that combines high accuracy 
with proven robustness to acoustic interference. The results 
demonstrate the practical applicability of the developed 
approach for biometric authentication, secure access con-
trol, and intelligent speech systems operating in high-noise 
environments.
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