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DEVELOPMENT OF DECENTRALIZED FORECASTING SYSTEMS BASED ON
MULTI-CLOUD INFRASTRUCTURE

Abstract. Relevance. The study substantiates the need for a cloud environment that ensures a high level of system
scalability, enabling the integration of new production facilities, workshops, and equipment without the need for capital
investment in proprietary server infrastructure. The subject of the study is the processes of developing and operating
decentralized forecasting systems based on multi-cloud infrastructure. The aim of the study is to analyze modern methods
for developing decentralized forecasting systems based on multi-cloud infrastructure and to enhance their efficiency,
reliability, and fault tolerance. The research objectives are to investigate the architectural aspects of creating decentralized
forecasting systems in a cloud environment; to examine the effectiveness of using distributed computing for technical
diagnostics; and to determine a software solution for time-series forecasting using recurrent neural networks. to analyze cloud
platforms and machine learning libraries for distributed time-series modeling; to identify a key challenge regarding the end-
to-end analysis of various neural network architectures and formulate technical requirements to overcome this limitation.
Research methods. The methodology encompasses systems analysis, mathematical modeling, blockchain technologies, and
machine learning methods. Research results. The feasibility of employing cloud and distributed architectures to address
diagnostic tasks is substantiated, driven by the specific requirements for processing large volumes of data continuously
generated by primary sensors. It is determined that a necessary prerequisite is the development and investigation of a time-
series forecasting software system based neural network models utilizing cloud computing; such a system must implement
the complete data processing cycle from acquisition to forecast generation and quality assessment thereby enabling its
subsequent application in the field of computer engineering. A structured plan for implementing the system's end-to-end
operational cycle is presented. Conclusions. The implementation and deployment of such forecasting systems within a cloud
infrastructure, utilizing containerization and orchestration via managed services align with modern engineering standards that
ensure high fault tolerance and horizontal scalability for analytical platforms.
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1. Introduction

1.1 Relevance of the topic

A cloud-based, distributed time-series forecasting
system for vibration diagnostics is essential for
preventing industrial accidents and transitioning from
scheduled repairs to condition-based maintenance. It
analyzes the oscillations and vibrations of machine tools,
turbines, or engines to detect hidden defects well before
the equipment fails. The system's primary purpose is to
predict equipment failures (Predictive Maintenance) and
calculate remaining useful life (RUL) for precise
maintenance planning. Continuous, automated real-time
sensor monitoring eliminates the need for manual
measurements.

The system ensures early defect detection by
identifying micro-cracks, imbalance, bearing wear, and
shaft misalignment. This approach minimizes financial
losses by eliminating the risk of sudden conveyor
shutdowns and completely preventing prolonged
industrial production downtime.

1.2 Analysis of literature sources
and problem definition

A thorough exploration of the topic requires
examining methodological approaches to evaluating
decentralized forecasting systems in a cloud
environment. Since this area has been overlooked in
recent publications, the design of such systems currently
represents one of the most pressing directions in
contemporary research.

C. Chatfield addresses general issues of time series
forecasting [1].

D. Popovic investigates computational intelligence
in time series forecasting [2].

G. James, D. Witten, T. Hastie, and R. Tibshirani
examine the theoretical and practical aspects of statistical
learning [3].

In other the works are explore the applied aspects of
encoder-decoder architectures based on recurrent neural
networks [4].

S. Amari discusses the backpropagation and
stochastic gradient descent methods [5].

Researchers are specialists in wavelet analysis and
financial time series forecasting [6, 7].

The authors describe the characteristics and issues
associated with the problems of investigate applied
aspects, specifically forecasting on the NSE stock market
using deep learning models [8].

Other articles open the topic of examine the
learning stages involved in recognizing long-term
dependencies using gradient descent, noting it as a
complex task [9].

A number of works are devoted to the problems to
analyze this issue through the lens of Long Short-Term
Memory and investigate and empirically evaluate
recurrent neural networks with gating mechanisms in
sequence modeling tasks, and also conduct a
comparative analysis of financial time series forecasting
[10-13].

A number of researchers examine modern
development trends and architectural features of
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computers, as well as the fundamentals of modeling
decentralized forecasting systems based on cloud
platforms [14-16]. An objective study of the problem
requires an analysis of existing solutions in the field of
cloud-based distributed forecasting systems. Previous
studies overlooked this aspect, making the development
methodology for such decentralized platforms a central
topic of current scientific discussions.

1.3 Aim and objectives of the study

The aim of the study is to analyze methods for
developing decentralized forecasting modern systems,
wich based on multi-cloud infrastructure, enhance their
efficiency, reliability, fault tolerance.

To achieve the stated objective, the following
scientific and practical tasks have been formulated:

—investigating  architectural  solutions  for
constructing decentralized forecasting systems in a cloud
environment;

— evaluating the effectiveness of using distributed
computing in technical diagnostics processes based on
the continuous analysis of large datasets from primary
Sensors;

—identify a software solution for time-series
forecasting using recurrent neural networks with GRU
and LSTM architectures;

—analyze cloud platforms and machine learning
libraries for distributed time-series modeling;

—identify a key challenge for the end-to-end
analysis of various neural network architectures and
formulate technical requirements to address this
limitation.

2. Research materials and methods

The object of the study is the process of forecasting
distributed time series (large volumes of diagnostic data)
in decentralized multi-cloud infrastructures. Research
hypothesis: The implementation and deployment of
forecasting systems within a cloud infrastructure,
utilizing Docker containerization and orchestration via
managed services, enable high fault tolerance and
horizontal scalability for analytical platforms in
accordance with modern engineering standards.

The study formalizes the stages of the development
lifecycle for predictive systems at the intersection of Data
Science methodology, cloud engineering, and the
diagnostic domain, enabling the formulation of a
structured architecture for an end-to-end operational
cycle. A comparative analysis of cloud technologies
relevant to forecasting distributed time series in computer
engineering was conducted. Neural network modeling
tools based on the TensorFlow, PyTorch, and Prophet
libraries were investigated.

A critical scientific and practical barrier was
identified: the lack of an integrated environment with a
graphical user interface for the comparative analysis of
heterogeneous  architectures  within a  unified
computational pipeline. Based on the identified
limitations, a set of technical requirements was
established for the proposed software system, designed to
minimize these shortcomings and ensure the practical
value of the results obtained.

3. Results of development and research

3.1 Design and practical implementation of
decentralized intelligent forecasting systems

The design and practical implementation of
decentralized intelligent forecasting systems based on
heterogeneous multi-cloud infrastructure entail a
complex set of critical architectural and technological
challenges. Key among these are the systemic complexity
of orchestrating distributed data arrays, heightened risks
regarding the confidentiality and integrity of the
information perimeter, and deterministic latencies in
inter-node data exchange. The primary factors negatively
affecting the efficiency of such systems are the processes
of ensuring real-time data consistency and
synchronization, the structural and functional
heterogeneity of the cloud platforms employed, and the
high computational and network overhead associated
with maintaining communication between distributed
components. The need to employ cloud and distributed
architectures for vibration diagnostics tasks stems from
the specific requirements of processing large datasets
(Big Data) continuously generated by primary sensors.
Since modern vibration sensors produce high-frequency
signals - yielding thousands of measurements per second
- parallel processing of these data streams is implemented
using distributed computing frameworks. Utilizing a
cloud environment ensures a high level of system
scalability, enabling the integration of new production
facilities, workshops, and machinery without the need for
capital investment in on-premises server infrastructure.
Furthermore, mathematical modeling and the training of
predictive Al neural network structures -specifically
recurrent network and transformer architectures - require
substantial computational  resources, which are
efficiently provided by cloud-based graphics processing
units (GPUs).

Above all, this architecture implements the concept
of data centralization, aggregating diagnostic
information from all the enterprise's remote sites into a
single, consolidated monitoring interface to facilitate
management decision-making[1, 4, 8].

Time series forecasting is a fundamental applied
task that is critical to the financial, energy,
telecommunications, medical, and computer science
sectors. Traditional statistical approaches-such as
ARIMA and exponential smoothing-demonstrate
satisfactory performance only when dealing with
stationary data and stable variance. However, their
predictive capability is significantly limited in the
presence of heteroscedasticity, or structural shifts. To
adequately model this processes in such series, modern
researchers employ networks.

In particular, Hochreiter and Schmidhuber’s LSTM
architecture overcame tasks, enabling some effective
detection of long-range dependencies in data sequences.
A simplified variant, the Gated Recurrent Unit, used
fewer parameters while maintaining comparable
accuracy. A comparative study by Siami-Namini et al.
confirmed that LSTM and GRU reduce RMSE by an
average of 84-87% compared to ARIMA when applied
to financial time series [1, 5, 6,13].
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Despite the powerful toolsets for building neural
network models available in libraries such as
TensorFlow, PyTorch, and Prophet, they lack an
integrated environment with a graphical user interface for
the comparative analysis of architectures within a unified
computational pipeline. Consequently, the development
of a custom software suite offering these capabilities
constitutes a practical contribution of this research.
Implementing and deploying such predictive systems
within a cloud infrastructure leveraging Docker
containerization and orchestration via managed services
(such as AWS Fargate, Google Cloud Run, or Azure
Container Apps) reflects modern engineering standards
that ensure high fault tolerance and horizontal scalability
for analytical platforms.

3. 2 Astructured plan for implementing
the end-to-end system work cycle

A necessary requirement is to develop and
investigate a time-series forecasting software system
based on GRU and LSTM neural network models using
cloud computing; this system must implement the
complete data processing cycle - from data loading to
generating a forecast and evaluating its quality - for
subsequent application in computer engineering. The
development and research of such a system are broken
down into distinct stages that combine Data Science
methodology, cloud engineering, and the specifics of
vibration diagnostics.

A structured plan for implementing the end-to-end
system work cycle is presented in Fig.1.

Vibration Data Collection

Stage 1 —>
and Preprocessing
Stage 2 ~ Designing Deep Learnin
) modgls ’ i ’
Stage 3 ~ Creation of a unified pipeline and
graphical user interface
Stage 4 . Forecast quality assessment
’ metrics e
Stage 5 — Cloud Architecture and
Containerization
Stage 6 Research and practical application in
== computer engineering

Fig. 1. A structured plan
for implementing the end-to-end system work cycle

Stage 1.  Vibration Data Collection and
Preprocessing (Data Engineering). Vibration signals are
high-frequency time series (typically ranging from 2 to
50 kHz). The full cycle begins with data ingestion and
adaptation. Loading: Organizing streaming or batch data
ingestion via APIs (e.g., from industrial loT gateways
such as those from SKF or Siemens). Cleaning and
Resampling: Removing anomalies, filling in missing
values, downsampling (if long-term trend analysis is
required), or applying sliding windows to generate data
samples. Feature Engineering:

The effectiveness of GRU/LSTM architectures
depends directly on the amplitude-frequency properties
of the data. Temporal parameters (RMS, crest factor,
kurtosis) and spectral features calculated via FFT or
DWT are evaluated. Normalization: Scaling data to the
\(Jo, 1]V) or \([-1, 1]\) range using MinMaxScaler or
StandardScaler (critical for the convergence of recurrent
networks) [1, 6-14].

Stage 2. Designing Deep Learning models. Given
the time-dependent nature of vibration processes, where
the current state of structural elements (such as rotor
shafts or rolling-element bearings) is directly determined
by their prior history.

In particular, the Long Short-Term Memory
(LSTM) architecture utilizing a mechanism of such
functional gates enables the effective approximation of
long-term nonlinear wear trends and failure prediction.
As a more computationally optimized alternative, the
Gated Recurrent Unit (GRU) modification is employed;
it implements a simplified structure based on two gates
that control data flow.

It is computationally "lighter," trains faster in the
cloud, and often demonstrates similar or superior
accuracy on short time series.

Hybrid approaches (optional): A combination of
1D-CNN (for automatic feature extraction from vibration
signals) with subsequent LSTM/GRU layers for trend
forecasting [1, 8, 14].

Stage 3. Creation of a unified pipeline and graphical
user interface. To overcome the limitations of standard
libraries, a monolithic or microservice-based application
is being developed (e.g., using Python/FastAPI/Streamlit
or Dash): Configuration module: Via the GUI, the user
selects the model (LSTM or GRU) and specifies
hyperparameters (number of layers, batch size, epochs,
forecasting window).

Unified pipeline: Single-button process execution:
Data loading — Preprocessing — Training/Validation —
Result visualization [1, 4, 8].

Stage 4. Forecast quality assessment metrics: For
comparative analysis, the interface includes a
mathematical module that evaluates the deviation of the
predicted vibration from the actual values: MAE (Mean
Absolute Error): Indicates the average absolute error in
measurement units (e.g., mm/s for vibration velocity).
RMSE (Root Mean Squared Error): More sensitive to
large outliers and anomalous vibration spikes. MAPE
(Mean Absolute Percentage Error): Relative error
expressed as a percentage, useful for business reports [1,
4,8].

Stage 5. Cloud Architecture and Containerization
(Cloud Deployment) To ensure horizontal scalability and
availability, the system is deployed to the cloud:
Containerization: The application (FastAPI backend and
Streamlit frontend) is packaged into Docker containers.
Data Storage: Raw vibration data is stored in cloud
storage services (AWS S3, Google Cloud Storage), while
prediction results and metrics are stored in time-series
databases (InfluxDB, TimescaleDB).

Deployment: Serverless or managed container
services are used. They automatically allocate resources:
as the load increases, the cloud spins up new container
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instances. GPU-based training: Cloud instances with
GPU support are utilized for periodic model retraining [1,
4,8].

Stage 6. Research and practical application in
cjmputer engineering. The final stage of the research
involves testing the system against real-world
benchmarks (such as the well-known NASA [IMS
Bearing Dataset or data from a specific industrial
facility): Comparative analysis: Running LSTM and
GRU models on identical vibration data using the same
hyperparameters. Performance evaluation: Comparison
based on accuracy metrics (MAE/RMSE) and
training/inference speed.

Predictive diagnostics: Based on the generated
forecast, the system identifies the point at which
vibration levels will exceed critical thresholds (in
accordance with ISO 10816 standards), enabling the
calculation of the machine's Remaining Useful Life
(RUL) and the timely issuance of maintenance alerts [1,
4, 8].

The developed software suite operates as a cross-
platform desktop application based on a two-tier
architecture.

The presentation layer (interface) facilitates
interactive user engagement and the visualization of
analytical data, while the business logic layer
(computational module) handles data import, neural
network training, and the generation of forecasts. This
clear separation of responsibilities isolates the interface
components from the algorithmic logic, significantly
simplifying future system modernization and scaling.

3. 3 Improving the sequential data processing
procedure in the system

The sequential information processing pipeline
within the system comprises the following stages:
automatic retrieval of time series via the Yahoo Finance
API structuring data into a pandas.

To facilitate  inter-level interaction, an
asynchronous queue mechanism has been integrated:
upon completion of the model training procedure, the
computational component encapsulates the output data
into a "ModelResult™ object and delegates it to the
“result_queue’, while the main GUI thread retrieves this
object via cyclic polling using the “root.after()” method.
This architectural approach isolates the time-consuming
neural network training processes, preventing the
blocking of the Tkinter main event loop. Consequently,
the user interface remains continuously responsive and
stable while resource-intensive background operations
are being executed.

List of the software system's main components and
their functional purpose:

— VibrationForecastApp (Class, main.py) - the
application's main class responsible for window
initialization, GUI component construction, launching
the background training thread, and visualizing vibration
diagnostics results and remaining useful life (RUL)
forecasts;

— ModelResult (Dataclass, forecasting.py) - a data
structure designed to store the training results of a single
model, including actual and predicted vibration

velocity/acceleration values, accuracy metrics, future
forecasts, and the loss curve;

— fetch_vibration_data (Function, forecasting.py) -
a function for loading raw time-series data from vibration
sensors (via industrial CSV files, time-series databases,
or 10T gateways) and performing initial filtering;

— extract_vibration_features (Function,
processing.py) - a module for calculating vibration signal
diagnostic features in the time and frequency domains
(RMS, crest factor, kurtosis, FFT);

—train_and_evaluate (Function, forecasting.py) - a
function implementing the full workflow for
LSTM/GRU models, covering feature normalization
(MinMaxScaler), sliding window sequence generation,
neural network training, quality metric calculation, and
predictive wear trend generation;

—result_queue (queue.Queue, main.py) - an
asynchronous queue designed to safely transfer analysis
and training results from the background computational
thread to the main GUI thread, preventing the interface
from freezing.

The system consists of two Python modules:
‘main.py” and “forecasting.py’. This division adheres to
the single responsibility principle: the first module
handles only the GUI, while the second manages the
computational logic. Separating the interface from the
calculation logic simplifies future code maintenance and
testing. An analysis of the BTC/USD time series for the
the last five years revealed no missing values in the target
“Close™ variable. Nevertheless, this validation procedure
remains an integral part of the pipeline, as data may arrive
in a fragmented state due to network disruptions or
technical errors on the market data provider's API side.

4. Discussion of research results

To enable multi-user access to the forecasting
system and eliminate the need for local deployment of the
Python interpreter on client workstations, a shift to a
client-server architecture involving the migration of the
computational core to cloud infrastructure has been
justified. This architectural paradigm allows the
algorithmic logic developed for the “forecasting.py’
module to remain entirely intact, while transforming the
graphical user interface into a web-based frontend or a
"thin client" implementation.

The cloud deployment of the analytics platform is
carried out through a sequential three-stage process,
beginning with the build phase, which involves
compiling the Docker software image and subsequently
publishing it to a centralized container registry. During
the operational phase, the integrated load balancer evenly
distributes client requests among active system instances,
while a monitoring subsystem based on Prometheus or
Cloud Monitoring continuously tracks response latency
and error rates.

The creation of decentralized forecasting systems in
a multi-cloud environment is complicated by data
management issues, security vulnerabilities, and network
latency.

Key challenges stem from information
reconciliation, platform heterogeneity, and high loads on
communication channels.
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5. Conclusions

1. A comprehensive analysis entails a detailed
examination of recommendations regarding the operation
of distributed forecasting models based on cloud
platforms. The limited attention paid to this aspect in
recent literature has made the development of
decentralized forecasting tools a key trend in
contemporary research.

2. Based on the research results, a distributed
software system for predictive time-series analytics
utilizing GRU and LSTM recurrent neural network
models and featuring integrated support for cloud
deployment was developed and comprehensively
analyzed for industrial vibration diagnostics applications.
The set objective has been fully achieved: an end-to-end
pipeline for processing diagnostic data was successfully
implemented spanning from the import of raw high-
frequency vibration sensor signals to the generation of a
predictive wear trend and the calculation of statistical
accuracy metrics.

3. As part of the project, a comparative study of two
deep learning architectures was conducted using real-
world vibration monitoring data from industrial
equipment, and a conceptual framework was established
for scaling the local prototype into a containerized cloud
service.

4. An analytical review has demonstrated that
classical statistical methods (specifically ARIMA and
exponential smoothing) are effective only for stationary
processes, yet they rapidly lose accuracy when
analyzing nonlinear, highly dynamic, and noisy
fluctuations in vibration velocity and acceleration. In
contrast, modern recurrent neural networks (LSTM,
GRU) ensure minimal prediction error for non-

stationary vibration time series associated with the
degradation of mechanical components. A critical
analysis of existing software confirmed a lack of
available tools for the comparative rapid analysis of
neural network architectures within a unified
computational pipeline. The developed software suite
offers practical value and can serve both as a
methodological foundation for specialized courses in
machine learning and cloud computing and as a
functional prototype of an analytical platform for
monitoring the actual condition of industrial equipment.

5. Future system modernization will focus on
transitioning to a microservices architecture that isolates
modules for sensor telemetry collection, background
model training, and real-time forecast generation, thereby
enabling independent horizontal scaling.
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Po3podka neneHTpasi3oBaHUX CHCTEM NPOTHO3YBAHHS
Ha 0a3i MyJ1bTHXMAapHOI iHpacTpykTYpH

A. M. Karmiton, T. M. ®panuyk, /1. O. Tumenko, P. I'. 3axapos

AHoTamisi. AKTyaJbHicTb. Y JOCITIPKEHHI 00T pyHTOBaHO MTOTPe0y B XMapHOMY CEpeIOBHILi, siKke 3a0e3reuye BUCOKUIT
piBeHb MacITabOBAHOCTI CHCTEMH, YMOKIIUBIIIOIOUN 1HTETPALli0 HOBIHX BUPOOHUYHX MOTYKHOCTEH, 1IeXiB Ta 00nanHaHHA 0e3
HeoOXiTHOCTI KaIliTalbHUX BKIAJCHb y BIACHY cepBepHY iH(pacTpykrypy. Ilpeamer mociigmKeHHs: TpoLecH pO3pOOKH Ta
(YHKIIOHYBaHHS JEIEHTPATI30BaHAX CHCTEM MPOTHO3YBAaHHS Ha 0a31 MyIbTUXMAapHOi iHQpacTpyKTypu. MeTa 10ciIKeHHs
aHaNi3 CyJyacHHX METOJIB pO3pOOKH JEHEHTPaNi30BaHUX CHCTEM MPOTHO3YBaHHSA Ha 0a3i MyJIbTUXMapHOi iHpacTpyKTypH,
nifBUIEHHS 1X e()eKTHUBHOCTI, HAAIITHOCTI Ta BiIMOBOCTIHKOCTI. 3aBIaHHA JOCHIIKEHHSsI: TOCTIUTH apXiTEeKTypHI acleKTH
CTBOPEHHSI JELEHTPai30BaHNX CHCTEM HPOTHO3YBaHHsS B XMapHOMY CEpPEIOBHINI; PO3TISIHYTH €(EeKTUBHICTh BUKOPUCTAHHS
PO3MOIINIeHNX OOYUCICHD AJIsl TEXHIYHOT JiarHOCTHKH ; BU3HAYHUTH MTPOTPaMHe PillieHHs AJsl TPOrHO3YBaHHS 4aCOBUX PSIiB 3a
JIOTIOMOTOI0 PEKYPEHTHHX HEHPOHHHMX MEpeXk; BUKOHATH aHali3 XMapHHUX MatdopM i 6i6nioTek MallMHHOTO HaBYAHHS UL
MOJICJTIOBaHHS PO3MOIIICHUX YaCOBUX PSAiB; BUSABUTH KIFOYOBY MPoOIIeMy JUIsl HACKPI3HOTO aHaJi3y Pi3HUX HefpoMepexeBHx
apXiTeKTyp, Ta c(HhOpMyJTHOBAaHO TEXHIYHI BUMOTHU JUIS YCYHEHHS IIbOro oOMexeHHs. MeToam mociigxkeHHsl. MeTomooris
OXOIUTIOE CHCTEMHHH aHalli3, MaTeMaTHYHE MOJCIIOBAaHHS, OJOKYCIH-TEXHOJOTII Ta METOOM MAUIMHHOTO HaBYaHHS.
PesyabTaTtn gocaixskenns. OOIpyHTOBAHO JOLITBHICTh 3aCTOCYBAHHS XMAPHUX 1 PO3MOJIUICHUX apXiTEKTyp JUIS BHPIIICHHS
JIarHOCTHYHUX 3aBJaHb, L0 3YMOBJICHO crielM(iYHUMH BUMOTaMHU 10 OOpOOKM BENMKUX OOCATIB JaHMX, sIKi Oe3nepepBHO
reHEepyIOThCS MEPBUHHUMHM JaTdyMKaMy. BH3HaueHO, 110 HEOOXiAHOI YMOBOIO € PO3poOKa Ta JOCIIKEHHs MpOrpamMHOl
CHCTEMH IPOTHO3YBaHHS YacOBUX psJIiB Ha OCHOBI OOpaHMX MoJeiell HEWpPOHHHX Mepex i3 BHKOPHCTAHHSIM XMapHHX
004YHCIIeHb; TaKa CHCTeMa MOBUHHA Peai3oByBaTH MMOBHUH UK 00pOOKHM TaHMX BiJ X OTPUMAaHHs 10 (GOPMYBaHHS MPOTHO3Y
Ta OILIHIOBAaHHS HOro SKOCTi, @ OT)KE 1 JUIsi IOJAJbLIOrO 3aCTOCYBaHHS B rajly3i KOMII'IOTEpHOI iHxeHepii. IIpeacTaBieHo
CTPYKTYPOBaHHUIl IJTaH peajizalii HACKPI3HOTO ONepaliiHOr0 LUKy CHCTeMH. BHCHOBKH. BIpoBakeHHs Ta pO3rOpTaHHI
TaKHX CHCTEM IIPOTHO3YBaHHS B XMapHiil iHQpacTpyKTypi 3 BUKOPHCTAHHAM KOHTEiHepH3allil Ta opKecTpalii yepe3 Kep oBaHi
CepBICH BIAIMOBiZae Cy4acHHM IH)KCHEPHHM CTaHIApTaM, MO0 TapaHTYIOTh BHUCOKY BIIMOBOCTIMKICTh 1 TOPHU30HTaIbHY
MacIITaboBaHiCTh aHATITHYHHX TIATHOPM.

Kaw4yoBi ciaoBa: cucremMu NIporHo3yBaHHS; XMapHa iHQPAaCTPYKTypa; PO3MOIICHI CHCTEMH; CHHXPOHI3allis TaHHX;
MEpesKeBi 3aTPUMKH; OPKECTPALLis JaHHUX; MAIIMHHE HaBYaHHS; KOMITIOTepHA IHKeHepis; iHpopMamiiHi TeXHOIOTii.
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