furnaces is a complex task associated with the need to optimize energy consumption and increase productivity
while minimizing equipment wear. The proposed control system is based on the use of PLCs in combination
with artificial intelligence algorithms, which allows for monitoring and automatic regulation of furnace operating
parameters in real time.

The purpose of this work is to create a control system that can adapt to changing furnace operating
conditions, optimizing the energy consumption process and improving the stability of the system. The article
also presents methods for integrating PLCs with sensors that provide data collection, as well as analysis and
forecasting algorithms based on neural network technologies. The study shows that the implementation of
such a control system can significantly reduce energy consumption, reduce the load on electrical equipment
and improve the overall efficiency of the ore-smelting furnace.

Experimental data and a comparative analysis of the furnace operation before and after the
implementation of the intelligent control system are presented. The results show that the intelligent control
system using PLC can improve process stability, reduce operating costs and extend the service life of
equipment.

Key words. Ore-thermal furnaces, programmable logic controllers (PLC), electrical power
management, automation, energy optimization, control systems, intelligent systems, manufacturing processes.
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CONVOLUTIONAL NEURAL NETWORKS IN DETECTING SPEECH ACTIVITY IN A STREAM

Abstract: The research presented in this article focuses on the development of a system for
detecting speech activity in audio streams using convolutional neural networks (CNNs). Speech
activity detection plays a crucial role in many modern applications, such as voice-activated
assistants, real-time communication platforms, and automated transcription services. The study
synthesizes findings from nine key studies, demonstrating the effectiveness of CNNs in handling
complex audio data, isolating speech signals from noise, and improving overall detection accuracy.

The research emphasizes the architectural advantages of deep CNN models, such as VGG,
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ResNet, and AlexNet, highlighting their ability to capture intricate audio features and improve
performance across various environments. The study also explores techniques like data
augmentation and optimization algorithms, which further enhance the robustness and efficiency of
these models.

By evaluating the effectiveness of different CNN architectures and comparing various
evaluation metrics, the research identifies potential areas for future exploration, such as optimizing
CNN models for real-time applications and exploring hybrid architectures. Overall, this research
offers valuable insights into the state of CNN-based speech activity detection and its implications for
real-world applications.

Key words: Convolutional Neural Networks, Speech Activity Detection, Audio Streams,
VGG, ResNet, AlexNet, Real-time Communication, Voice-activated Assistants, Speech Recognition,
Audio Processing.

Introduction

Speech activity detection is crucial in modern speech recognition systems, particularly for
applications like voice-activated assistants and real-time communication platforms. Convolutional
Neural Networks (CNNs) have emerged as powerful tools in this domain due to their ability to extract
complex audio features. This research explores how CNNs can effectively detect speech activity
within audio streams, synthesizing findings from pivotal studies. Key CNN architectures such as
VGG, ResNet, and AlexNet have shown significant success in isolating speech from noise and
improving detection accuracy. Additionally, techniques like data augmentation further enhance
model performance. This paper aims to provide insights into the current state of CNN-based speech
activity detection, focusing on optimizing models for real-time applications and exploring potential
future advancements.

Methods

Data Collection and Preprocessing

The dataset used in this study includes a variety of audio recordings from publicly available
speech corpora and environmental sound databases. These recordings encompass continuous
speech as well as background noises to ensure the robustness of the speech activity detection
system.

Spectrogram Generation

To convert raw audio signals into a format suitable for CNN processing, the following steps
are taken:
1. Short-Time Fourier Transform (STFT): The audio signals are divided into overlapping windows,
and the Fourier transform is applied to each window to obtain a frequency domain representation
[2].
2. Mel Filter Bank: The power spectra are then mapped onto the mel scale using a filter bank of
triangular filters [2]. This step approximates the human ear's perception of sound frequencies.
3. Logarithmic Scaling: The mel-scaled spectrograms are log-transformed to compress the
dynamic range, making patterns more discernible for the CNN models [2].

Network Design
1. Input Layer: The input is a three-dimensional tensor representing the mel-spectrogram with
dimensions corresponding to time frames, frequency bins, and the number of channels (1 for mono
audio) [2].
2. Convolutional Layers: These layers use small kernel sizes (e.g., 3x3) to capture local temporal
and spectral features [2]. ReLU activation functions are applied to introduce non-linearity.
3. Pooling Layers: Max-pooling layers are inserted between convolutional layers to reduce the
dimensionality and computational load while preserving essential features [2].
4. Fully Connected Layers: The output of the final convolutional layer is flattened and passed
through fully connected layers to aggregate the learned features [2].
5. Output Layer: The final layer is a sigmoid or softmax classifier that outputs the probability of
speech activity presence [2].

Evaluation Metrics
The performance of the CNN models is evaluated using standard metrics in binary
classification:
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1. Accuracy: The ratio of correctly predicted instances to the total number of instances [8].

2. Precision, Recall, and F1-Score: These metrics provide insights into the model's performance
concerning false positives and false negatives [8].

3. Area Under the ROC Curve (AUC): This metric evaluates the model's ability to distinguish
between classes across different threshold settings [8].
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Figure 1 — Multilingual VBX Network with Untied Layers. Sercu et al. [3]

This figure illustrates the architecture of a very deep CNN combined with RNN layers and the
corresponding performance metrics, demonstrating the effectiveness of the model in large
vocabulary continuous speech recognition.
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Figure 2 — Multi-scale Feature Maps. Sercu et al. [3]

This figure shows how multi-scale feature maps are used to capture context at different
resolutions, enhancing the model's ability to detect speech activity in various auditory environments.
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Figure 3 — Predictions of Different CNN Variants. Grill and Schlter [5]

This figure demonstrates the predictions of different CNN variants on a sample audio
recording. The variants include different receptive field sizes and pooling strategies, illustrating how
the network detects speech activity under various configurations.
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Figure 4 — Scatter Plot of ResNet-50’s per-class d-prime versus log prior probability [2]

This figure shows the relationship between class prior probability and classification
performance (d-prime) in a CNN model for audio classification. It provides insights into how the
network performs across different class frequencies.

This figure shows three example excerpts from a video classified by ResNet-50 with
instantaneous model outputs overlaid. The 16 classifier outputs with the greatest peak values across
the entire video were chosen from the 30K set for display.

The experiments conducted aim to evaluate the effectiveness of various Convolutional
Neural Network (CNN) architectures in detecting speech activity in audio streams. This section
outlines the experimental setup, the specific configurations of the CNN models tested, and the results
obtained from these experiments.

Trumpet Piano Guitar

Data Preparation

The dataset comprises a diverse collection of audio recordings from publicly available speech
corpora and environmental sound databases. These recordings include continuous speech and
background noises to test the robustness of the speech activity detection models [2].
1. Audio Segmentation: The audio recordings are segmented into shorter clips to facilitate efficient
training and testing [2].
2. Spectrogram Generation: The raw audio signals are transformed into mel-spectrograms using the
following steps:

a. Short-Time Fourier Transform (STFT): Dividing audio signals into overlapping windows and

applying the Fourier transform [2].

b. Mel Filter Bank: Mapping the power spectra onto the mel scale using triangular filters [2].

c. Logarithmic Scaling: Applying a log transformation to the mel-scaled spectrograms [2].

Training Procedure

The CNN models are trained using supervised learning techniques with the following
configurations:
1. Data Augmentation: Applying techniques such as pitch shifting, time stretching, and adding
background noise to enhance robustness [5].
2. Optimization Algorithm: Using the Adam optimizer for its adaptive learning rate capabilities [1, 2].
3. Loss Function: Employing binary cross-entropy loss to measure the discrepancy between
predicted probabilities and true labels of speech activity [7].

Results
Model Performance
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The results are presented in terms of accuracy, precision, recall, F1-score, and AUC for each
CNN architecture. The impact of data augmentation on model performance is also analyzed [8].
1. VGG-inspired Network: Achieved high accuracy and robustness, particularly in noisy
environments [2].
2. ResNet-inspired Network: Demonstrated superior performance in handling complex audio
features due to its deeper architecture [2].
3. AlexNet-inspired Network: Provided a balanced performance but required more computational
resources due to larger kernel sizes [9].

Impact of Data Augmentation
Data augmentation techniques significantly improved the models' robustness, particularly in
environments with high variability in background noise and speech patterns [5].

Comparison of Evaluation Metrics

The comparison of evaluation metrics across different architectures highlighted the following:
1. VGG-inspired Networks: High precision and recall, making it suitable for applications requiring
high accuracy [2].
2. ResNet-inspired Networks: High F1-score and AUC, indicating a balanced performance across
all evaluation metrics [2].
3. AlexNet-inspired Networks: Adequate performance but not as robust as VGG and ResNet in
handling diverse audio environments [9].

Summary of Results

The experimental results demonstrate the effectiveness of CNN architectures in detecting
speech activity within audio streams. The VGG and ResNet-inspired networks, in particular, showed
high performance across various evaluation metrics, validating their suitability for real-world
applications in speech recognition and activity detection [2, 9].

Key Findings
1. Effectiveness of CNN Architectures:
The experiments demonstrated that CNN architectures are highly effective in detecting speech
activity within audio streams. VGG and ResNet-inspired networks, in particular, showed superior
performance across various evaluation metrics, including accuracy, precision, recall, F1-score, and
AUC [2, 9].
2. Impact of Network Depth and Complexity:
The depth and complexity of the CNN models played a crucial role in their performance. Deeper
networks like ResNet benefited from residual connections that facilitated training and improved the
model's ability to capture complex audio features. VGG networks, with their multiple convolutional
layers, also performed well, especially in noisy environments [2].
3. Role of Data Augmentation:
Data augmentation techniques significantly improved the robustness of the CNN models. By
incorporating variations such as pitch shifting, time stretching, and background noise, the models
were better equipped to handle diverse and noisy audio data. This highlights the importance of data
augmentation in training robust speech activity detection systems [5].
4. Comparison of Evaluation Metrics:
The comparison of evaluation metrics revealed that VGG-inspired networks achieved high precision
and recall, making them suitable for applications requiring high accuracy. ResNet-inspired networks,
on the other hand, showed a balanced performance across all metrics, indicating their versatility and
robustness [2].

Discussion

Implications for Real-World Applications
1. Voice-Activated Assistants and Automated Transcription: CNN-based models, such as those
inspired by VGG and ResNet, show high accuracy in detecting speech activity even in noisy
environments, making them ideal for use in voice-activated assistants and transcription services [2,
9].
2. Real-Time Communication Platforms: The ability of CNNs to accurately detect speech activity in
real-time makes them well-suited for seamless communication on platforms like video conferencing
and VolP services. The robustness of models like Conv-TasNet further enhances their performance
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in noisy conditions [4].
3. Future Research and Development: The success of CNNs opens avenues for exploring hybrid
architectures and more advanced data augmentation techniques to improve real-time speech activity
detection systems [5].

Limitations and Future Work
1. Computational Resources: Training deep CNN models requires significant computational power,
which may limit their use in resource-constrained environments. Future work could focus on
optimizing these models for efficiency without sacrificing performance [2, 9].
2. Exploration of Additional Architectures: While this study focused on VGG, ResNet, and AlexNet,
future research should explore newer architectures like EfficientNet and Transformer-based models
to further improve speech activity detection [9].
3. Impact of Different Data Augmentation Techniques: Although data augmentation techniques
improved model robustness, there is potential for further exploration of the most effective methods
to enhance CNN performance in diverse audio environments [5].

Conclusion

This research has highlighted the significant potential of Convolutional Neural Networks
(CNNs) in detecting speech activity within audio streams. Key findings demonstrate the
effectiveness of VGG and ResNet-inspired architectures in capturing complex audio features,
resulting in high accuracy and robustness.

Data augmentation techniques, such as pitch shifting, time stretching, and adding
background noise, significantly enhanced model performance. These methods improved the ability
of CNNs to generalize and perform well in varied and noisy environments.

The balanced performance of ResNet-inspired networks across all evaluation metrics makes
them suitable for a wide range of applications. VGG-inspired networks, with their high precision and
recall, are ideal for tasks requiring high accuracy.

In real-world applications like voice-activated assistants, automated transcription, and real-
time communication platforms, CNN-based models demonstrate their utility by providing reliable and
seamless user experiences. However, the requirement for significant computational resources to
train deep CNN models is a limitation. Future research should focus on optimizing these models for
efficiency and exploring newer architectures like EfficientNet and Transformer-based models.

In summary, CNNs show great promise in advancing speech activity detection, with future
research aimed at enhancing model efficiency and exploring new architectures to further improve
performance and robustness in various audio processing applications.
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AFbIHOAFbI COUNEY SPEKETIH AHbIKTAYAAFbI KOHBONOLUUANBLIK HEUPOHAObIK XEJINEP

Ocb! makanada yCbiHbIIFaH 3epmmeyrnep KOH8OMOUUsbIK HelipoHObIK xeninepdi (Cnn) natidanaHa
ombIpbir, ayduo arbiHOapOarb! celiniey bernceHdiniaiH aHbIKmay xyleciH a3iprieyee barsimmarraH. Celrney
apekemiH aHblKmay OaybicrieH besiceHOipineeH KeMmeKwinep, Hakmbl yakbimmarbl — balsiaHbiC
nnamgopmarnapbl XeHe asmomammaHObIpbliFaH MPAaHCKPUNUUs Kbi3Memmepi CUsiKmbl  KermezeH
3amaHayu KondaHbanapOa wewywi pes amkapadbl. 3epmmey CNNs-miH kypdeni ayduo Oepekmepdi
eHOeyOeei, celiney cuesHandapbiH WydaH oKwayrnayodarbl XoHe aHblKkmayObiH Xasrbl dasndieiH xaKkcapmyoarbi
muimoinieiH KepcememiH mMofbi3 Hezaisei 3epmmeydiH HomuxesnepiH cuHme3soeldi.

3epmmey VGG, ResNet xoHe AlexNet cuskmbi mepeH CNN yneinepiHiH apxumekmyparibiK
apmbIKWhbInbIKmapbiH amarn kepcemedi, onapObiH Kypoesni ayduo MyMKIHOIKMepiH mycipy »XoHe apmypirii
opmarnapda eHimMOinikmi xakcapmy kabinemiH kepcemedi. 3epmmey COHbIMEH Kamap 0Cbi MoOesibOepOiH
ceHimliniei meH muimdinieiH odaH opi apmmbipambiH Oepekmepdi apmmbipy XoHe OHmaulnaHobipy
anzopummdepi cusskmel adicmepdi 3epmmeidi.

OPTYPJII CNN apxumekmypanapbiHbiH muimOinieiH baramay xoeHe epmypni 6aranay
KepcemkiwmepiH canbicmbipy apkbinibi 3epmmey HAKTbI yaksimmarsl KOJIQAHBAJTIAP ywin CNN yneinepiH
OHmMalnaHobipy xoHe aubpudmi apxumekmypanapdbl 3epmmey cuskmbl 6onawak 3epmmeynepoiH
aneyemmi 6arbimmapbiH aHbikmalobl. Tymacmal anraHOa, 6yn 3epmmey CNN HeeiziHOeei celiney
apeKkemiH aHbiKkmayObiH xal-KyUi XXoHe OHbIH Hakmbl ariemoeai KondaHbanapra acepi myparsbl KyHObI MmyCiHiK
bepedi.

Tytin ce3dep: Koneonouusnbsik HeldpoHObik XKeninep, Celiney Opekemid AHbikmay, Ayouo
ArbiHOap, VGG, ResNet, AlexNet, Hakmbl Yaksimmarbl batinaHeic, [Jaybicried 6ernceHldipinzeH Kemekuwinep,
Celineydi TaHy, [bibbicmbl ©HOey.
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CBEPTOYHbIE HEAPOHHBIE CETU A1 OBHAPY)XXEHUSA PEYEBOWA AKTUBHOCTW B NOTOKE

UccriedosaHue, npedcmaesneHHoe 6 3mol cmambe, [NoCceAwWeHo paspabomke cucmemsbl
06HapyxeHus1 peyegoli akmugHOCcmu 8 ayOuo romoKax C UCro/Ib308aHUEM C8EePMOYHbIX HeUPOHHbIX cemell
(CNNS). PacrnosHasaHue pedesoli akmueHOCMU uz2paem pelarwyto pofib 80 MHO2UX CO8PEeMeEHHbIX
MPUMIOXKEHUSIX, MaKUX KakK 20/10C08bIe MOMOWHUKU, KOMMYHUKaUUOHHbIE r71amgopMbl 8 peXUMe pearibHO20
8peMeHU U cryx6bl asmomamu4yeckol mpaHckpunyuu. B uccredosaHuu 060bweHbl pe3ynsmamabi dessamu
Kmoyesbix uccnedosaHul, OemMoHcmpupyrowux apgpekmusHocmb CNNS 6 o06pabomke CHOXHbIX
ayduolaHHbIX, omOerfieHUU peyesbix cugHa0e om wyma U rnosgbileHuUU obuwel moYyHocmu obHapyXeHUusl.

UccnedosaHue nodyepkusaem apxumekmypHsbie npeumyuwiecmea modened deep CNN, makux kak
VGG, ResNet u AlexNet, nodyepkueasi ux criocobHOCMb yriaeniugeams CII0XHbIE 38YKOBbIE XapaKmepucmuKku
U rosbiwamp pou3sodumeribHOCMb 8 pas/iuyHbIx cpedax. B uccrnedosaHuu makxe paccmampugaromcsi
makue memoohbi, KaK ygenudeHue obbema O0aHHbIX U anesopummbl onmumMu3ayuu, komopsie euje bornbuwe
rosbiwarom HadexxHocmb U 3aghghekmugHocmb s3mux modened.

OueHusas achgpekmusHocmb pasnuyHbix apxumekmyp CNN u cpasHugasi pa3fiuyHble OUEHOYHbIE
riokasameru, uccriedosamernu 8bisi8NIsIl0M rnomeHyuasbHble obnacmu dns 6ydyuwux uccriedosaHul, makue
kak onmumu3sayus modeneld CNN 0Ons npunoxeHul peanbHO20 8peMeHU U Uu3ydeHue 2aubpudHbIX
apxumekmyp. B yenom, amo uccriedosaHue 0aem UEHHY UHGOpMayuo O COCMOSIHUU Pacrio3HasaHusi
peyesoli akmugHocmu Ha ocHogse CNN u e2o 3HaqyeHUU O pearsibHbIX MPUIOXEHUU.
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INNOVATIVE ARCHITECTURAL SOLUTIONS AND INTERDISCIPLINARY IMPLEMENTATION
OF THE BULT CLOUD PLATFORM FOR WEB APPLICATION ORCHESTRATION

Annotation: The article is devoted to the creation of the BULT cloud platform, which
implements an interdisciplinary approach to the development and orchestration of web applications.
The main goal of this work is to develop a platform that provides flexibility, scalability and integration
of various technologies. Architectural solutions including microservice architecture and
containerization are described, which simplifies the deployment and management of applications.
HashiCorp's Nomad is used as the basis for container orchestration, which allows you to dynamically
manage the distribution of tasks and resources, ensuring the efficiency and stability of applications.
The data management system is implemented on the basis of PostgreSQL and JuiceFS, which
ensures high performance and reliability of data storage. To ensure security, Wireguard and Let's
Encrypt are used, which provide encryption of network traffic and automatic updating of SSL
certificates. Monitoring and analysis of the system are carried out using Grafana and Loki, which
allow you to visualize metrics and logs in real time. The implementation of DevOps principles and
automation of development, testing and deployment processes are achieved using CI/CD tools,
which allows you to quickly and safely implement changes and new features. The application of an
interdisciplinary approach allows us to take into account various aspects of system development and
operation, which makes the BULT platform a competitive solution in the modern cloud technology
market, providing high performance, reliability and ease of use of web applications. Examples of the
practical application of the platform and its advantages in comparison with traditional approaches
are given.

Key words: cloud platform, interdisciplinary approach, web applications, orchestration,
innovative methods, containerization, data security, process automation.
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