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KoBaneBcbkuii C.B. (/Jonbacvka oepocasna mawunodyoiena axademis, m. Kpamamopcok-
Tepnonins, Yxpaina)

XXI1 MIZKHAPOJTHA HAYKOBA KOH®EPEHIIISI «<HEMPOMEPEXHI TEXHOJIOI'TI
TA IX 3BACTOCYBAHHS - HMTI3-2023».

Yeproa nBaausaTh apyra MiKHapogHa HAyKOBO-TEXHIYHA KOH(EpEHIIis
«Hetipomeperxni TexHoorii Ta ix 3acrocyBanast HMT3-2023» npoxoauTs y cKiIagHux
yMOBax arpecii pocii, sika po3B'si3aia IpOTH HAIIOi KpaiHU HIYUM HE CIPOBOKOBAHY,
KOPCTOKY, BapBapChKy, 3arapOHMIIbKY BiliHY. Bopor moctaBuB 3a METy 3HUILECHHSA
VYkpainu, 1 1HTENEKTYy, KyJIbTypH, iAeHTHYHOCTI. Haponm VkpaiHu MyXHBO
IPOTUCTOITh IMIEPCHKUM IUTaHAM 3arapOHHKa 1 poOUTH yce, 00 BUCTOSTH y IILOMY
OPOTUCTOSAHHI. | MM BIAYYBAaEMO BEIMYE3HY MIATPUMKY Ta JONOMOIY BCHOI'O
JEMOKPAaTUYHOIO  CBITY, SKMA BHPI3HAETHCS BUCOKMMHM MOpPAJBbHUMHU  Ta
IHTEJEKTYaTbHUMHU SKOCTSAMHU.

[lepen BITYM3HSHOIO HAYKOIO CTOSTH 3aBAaHHS, BUPIMICHHS SKUX € XKUTTEBO
BOXKJIMBUM 3 ypaxyBaHHSM BHUKJIMKIB, aHAJIOTIB SIKUM y CBiTI Hemae. HeoOxigHO
BUPIIIYBaTH 3aBAaHHA O€3M0CEPEIHBO MOB'A3aH1 3 BUKOPUCTAHHAM BKpail 00MexeHNX
pecypciB y HalikopoTii Tepminu. [IpudomMy 111 pilieHHsS MaroTh OyTH ONTUMAIbHUMHU
y KOXXHUI MOMEHT 4Yacy Ta y JOBIOCTPOKOBIM MEpPCHEKTUBI. A TEXHIYH1, EKOHOMIYHI,
OpraHizamiifHi 3axo[u, IO BXKMBAIOTHCSA, NOKJIMKaHI Oe3nepepBHO (QopMyBaTu
COLIIAJIBHO-€KOHOMIYHE CEPEJOBHUILE, B IKOMY TapMOHINHO 1 0€3MEYHO PO3BUBAETHCA
SK CYCHUIbCTBO B LIJIOMY, TaK 1 KOXKHA JIFOUHA.

CporosiHi 00'€THAHHIO THCTPYMEHTApPIIO0 JTOCHIKEHHS Ta MOOYI0BU TIMOOKO
KOMIT'FOTEPU30BAHOIO CEPEIOBUIIA 3 METOI0 OaraTOKpUTepiadbHOI ONTHUMI3alli
CIPUSIIOTH PO3POOKH B rajy3i NEpCHeKTUBHUX 3aCO0IB MOJCIIIOBAHHS PI3HUX 00'€KTIB
Ta MPOIIECIB 13 BUCOKUM CTYIIEHEM 1AeHTHU(IKAIT TaKKX MOJIeIel peanbHoro cBity. Jlo
TaKNX 3aC001B y MEPIILy Yepry MOXKHA BIAHECTH HEHPOMEPEkKH1 TEXHOJIOTT SK MPOIIECH
imenTudikaiii HepoMepeKHUX MoJIeNIel, 10 HAOJIMKAI0Th, J0 MPOIECIB CUCTEMHOI
B3a€MO/IIi )KMBOI Ta HEXKUBOT MPUPOIU Ha OCHOBI IHTEJIIEKTYAJIbHUX OOUYUCIIEHb.

VY 3B'I3Ky 3 BUKJIQJICHUM MPUPOTHUM PO3BUTKOM CHCTEMHOTO MOJICTIOBAHHS €
PO3p00OKH y chepi PO3BUTKY IITYIHOTO IHTEICKTY SIK HAWBHUIIIOTO PIBHS MOJICITFOBAHHS
JOBKULISL Ta ONTHUMAJIBHOTO ympaBiiHHS Hero. [Ipu 1bOMy JOCBIiJ 3aCTOCYBaHHS
HEHPOMEPEKHIX TEXHOJIOTIM AJis BUPILMIEHHS PI3HOTO KOJIAa NPAKTUYHUX 3aBllaHb
CIOpPHSIE PO3YMIHHIO Ta CIYXHUTh MOAAJIBIIOMY PO3BUTKY HAYKOMICTKHX 3ac001B Ta
METO/I1B MOOYI0BU CEPEIOBUIIA OE3MEUHO1 JKUTTEAISITLHOCTI KOYKHO1 JIFOIMHA OKPEMO
Ta BCHOT'O CYCHLIbCTBA 3arajoM.

Yeproa ABamIsiTh Jpyra HayKOBO-TeXHIUHa KoHpepeHiis «HelpomepexHi
TEXHOJIOT1i Ta ix 3acTocyBaHHs HMT3-2022) Takox copHUsITUME LIUM MepepaxOBaHUM
BUILIE IIJISIM.
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Christopher Bulte, Max Kleinebrahm, Hasan Umitcan Yilmaz (Institute for Industrial
Production, Chair of Energy Economics, Karlsruhe Institute of Technology, Germany)

NEURAL NETWORK-BASED DATA IMPUTATION FOR IMPROVED ENERGY TIME
SERIES ANALYSIS

Abstract: This study introduces a novel approach, named MVTSI (Multivariate Time Series Imputation),
leveraging neural network-based models for enhanced imputation of missing data in energy time series. The proposed
method incorporates Long Short-Term Memory (LSTM) networks to learn temporal dependencies and capture cross-
dimensional correlations in multivariate data. The first stage focuses on learning the distribution of missing values,
allowing for the generation of synthetic data. Subsequently, an attention-based neural network estimates the actual
missing values, enabling simultaneous consideration of temporal and cross-dimensional dynamics. Applied to European
energy data from the ENTSO-E transparency platform, MVTSI surpasses benchmark methods, demonstrating its
effectiveness in improving energy time series analysis. The study underscores the pivotal role of neural networks in
advancing imputation techniques, contributing to more accurate and adaptable energy system models.

Anomauin: []e 0ocnioaxcenns npedcmasise Hosutl nioxio nio naseorw MVTSI (bacamomipra imnymayis wacosux
PA0I8), AKUU BUKOPUCMOBYE MOOeNl HA OCHOBI HEUPOHHUX Mepedxc 018 800CKOHANEeHOI imnymayii 8i0OCYMHIX OAHUX y
yacogux paodax ewepeii. 3anponoHO8AHUL MemoO BKIIOYAE 8 cebe Mmepedci 00820CMPOKOBOI KOPOMKOYACHOI nam ami
(LSTM) 01 8usueHHs 4aCcO8UX 3ANeHCHOCHEN | 3AXONIeHH MINCEUMIDHUX KOpenayill y bazamosumipuux oanux. Ilepuuii
eman 30cepeddiceHull Ha 8U84UeHHI PO3NOOILY GIOCYMHIX 3HAUEHb, WO 00380AE 2eHepy8amu CUHmemu4ti 0ani. 32000m
HelpoHHa Mepedica Ha OCHOBI y8azu OYIHIOE QaKMuyHi 8I0CYMHI 3HAUEHHSL, WO 00360.19€ OOHOUACHO BPAXO0BYBAMU YACO8Y
mMa MidHCEUMIPHY OUHAMIKY. 3acmocogyrouu €8ponelicbKi enepeemuyri oani 3 niamgopmu nposopocmi ENTSO-E, MVTSI
nepegepuiye emanonti Memoou, OeMOHCIMPYIOUU C80I0 epheKmuUsHicms y NOKPAujeHHi ananizy 4acosux paoie enepeii.
Jlocnidoicenns niokpecnioe Kuouo8y poNib HEUPOHHUX Mepedc Y B00CKOHANEeHHI Memoodié immymayii, Cnpusodu
CMBopenHIO Dbl MOYHUX | A0ANMOSAHUX MOOeell eHepLeMUUHUX CUCTEM.

Multivariate time series, prevalent in energy applications, frequently encounter missing
values, impacting downstream analysis. Classical imputation methods focus on either temporal
dynamics or cross-dimensional correlations. This paper presents MVTSI, utilizing a two-step
approach with an attention-based neural network, demonstrating flexibility and adaptability to the
specific characteristics of the energy data. Motivation: Missing values pose challenges in energy data
analysis, affecting models crucial for proposing future energy systems, reducing CO2 emissions, and
estimating investment expenditures. This paper addresses the importance of imputing missing values
in energy data, emphasizing the necessity for accurate imputation methods in ensuring reliable energy
system models. A comprehensive review of related work is presented, covering the significance of
missing values in energy data and various methods for time series analysis. Importance of Missing
Values in Energy Data: The impact of missing data on energy system models is discussed,
highlighting the variability in results and planning strategies. The insufficiency of simple imputation
methods is underscored, especially for long-term planning models and short-term forecasting models
in renewable energy contexts. This section provides an overview of the ENTSO-E transparency
platform, a key data source for the proposed imputation model. It details the characteristics of the
data, including electricity demand, prices, and energy production from diverse technologies.

Extensive experiments and evaluations are conducted on the performance of the proposed
MVTSI model. The results are compared to several benchmarks and assessed on different subsets of
the ENTSO-E data, demonstrating the model's superiority in imputing missing values. While the
proposed MVTSI model shows promising results, it is essential to acknowledge its limitations. One
limitation lies in the assumption of learning the distribution prior to imputation. The model's
performance may be sensitive to the quality and representativeness of the training data. Future
research should explore methods to enhance the robustness of the model to variations in data quality
and distribution.



Additionally, the current model is designed for application to energy data from the ENTSO-
E platform. Extending its applicability to other domains and datasets warrants investigation. The
model's adaptability to different energy system structures and dynamics, as well as its scalability to
handle larger datasets, should be explored in future studies. A comprehensive comparison with
existing imputation methods is crucial for validating the efficacy of MVTSI. This involves
benchmarking against classical imputation techniques and other deep learning-based approaches.
Furthermore, evaluating the model's performance on diverse datasets beyond energy data will
contribute to understanding its generalizability and versatility.

The interpretability of the MVVTSI model's decisions is a vital aspect, especially in domains
like energy where decision-makers rely on model outcomes for critical planning. Future work should
focus on developing methodologies to interpret the attention mechanism and provide insights into
why certain imputation decisions are made. Explainability is paramount for building trust in the
model's recommendations. As the MVTSI model progresses towards practical deployment,
considerations regarding computational efficiency, real-time processing, and integration with existing
energy system analysis frameworks become imperative. Future research should delve into optimizing
the model for deployment in real-world scenarios, ensuring it aligns with the operational requirements
of energy stakeholders.

The use of advanced imputation models raises ethical considerations, particularly regarding
the potential biases introduced during the learning process. Researchers should proactively address
ethical concerns related to the imputation of missing values, ensuring fairness and transparency in the
decision-making processes influenced by the model. In conclusion, the MVTSI model presents a
significant advancement in addressing missing values in multivariate time series data, particularly in
the context of energy systems. The interdisciplinary nature of this research, combining deep learning
and energy domain expertise, positions it at the forefront of data imputation methodologies. As the
model evolves, addressing the outlined considerations will contribute to its robustness, applicability,
and ethical soundness. The importance of the MVTSI model extends beyond its technical
contributions, impacting the field of energy analytics profoundly. Imputing missing values in
multivariate time series data is pivotal for ensuring the reliability and accuracy of energy system
models. Several key aspects highlight the significance of this research. Accurate energy system
models are paramount for informed decision-making in energy planning. The MVTSI model, by
effectively handling missing values, contributes to the generation of more reliable forecasts, reducing
uncertainties in long-term energy planning. This, in turn, aids policymakers and energy stakeholders
in devising robust strategies for sustainable energy development.

Efficient allocation of resources is a critical aspect of energy system management. By
providing accurate imputations, MVTSI aids in optimizing resource allocation for electricity
generation, distribution, and demand management. This optimization is essential for enhancing
energy system efficiency, reducing waste, and minimizing environmental impacts. In the context of
increasing reliance on renewable energy sources, accurate imputation becomes imperative. The
intermittent nature of renewable generation, such as wind and solar, requires precise forecasting.
MVTSI's ability to handle missing data in energy production time series contributes to reliable
predictions, facilitating the seamless integration of renewable energy into the grid. The economic
implications of data imputation in energy analytics are substantial. Inaccurate or incomplete data can
lead to suboptimal investment decisions, impacting the financial viability of energy projects.
MVTSI's role in improving the quality of data ensures more reliable economic assessments, fostering
a conducive environment for sustainable energy investments.

Inaccuracies in energy demand and supply predictions can lead to grid instabilities with
potential cascading effects. MVTSI, by providing more accurate imputations, contributes to
mitigating grid instabilities. This is particularly crucial in the context of modern energy grids, where
stability is essential for ensuring continuous and reliable electricity supply. The societal and
environmental impacts of robust energy analytics are profound. Reliable energy system models,
facilitated by accurate imputation, support the transition towards cleaner and more sustainable energy
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practices. This aligns with global efforts to reduce carbon emissions and address climate change,
emphasizing the broader societal and environmental relevance of MVTSI. In conclusion, the MVTSI
model transcends its technical intricacies to play a pivotal role in shaping the future of energy
analytics. By addressing the challenge of missing values in multivariate time series data, MVTSI
contributes to enhanced decision-making, resource optimization, renewable energy integration,
economic viability, and the overall stability of energy grids. The societal and environmental impacts
underscore the transformative potential of this research, emphasizing its enduring significance in the
evolving landscape of energy analytics.

The integration of neural networks, particularly Long Short-Term Memory (LSTM) networks,
in the MVTSI model is a crucial aspect that elevates the imputation process to a new level of
sophistication. Neural networks play a pivotal role in addressing the inherent challenges of missing
values in multivariate time series data within the energy domain. LSTM networks are adept at
capturing long-term dependencies in sequential data, making them well-suited for modeling temporal
dynamics within multivariate time series. In the context of MVTSI, the LSTM-based model
contributes by learning the intricate temporal relationships among variables in the presence of missing
values. This capability enables the model to discern patterns and trends critical for accurate
imputation.

The first stage of MV TSI, centered around the LSTM-based model, focuses on learning the
distribution of missing values. Neural networks excel at capturing complex distributions, allowing
the model to gain insights into the statistical characteristics of the missing data. This distribution
learning facilitates the generation of synthetic missing values, enhancing the model's adaptability to
the nuances of the multivariate time series. The attention-based neural network in the second stage of
MVTSI introduces a critical element for handling cross-dimensional correlations. The attention
mechanism enables the model to selectively emphasize relevant features and relationships across
different dimensions of the multivariate data. This attention mechanism is instrumental in
simultaneously capturing temporal dependencies within variables and cross-dimensional correlations,
providing a holistic approach to imputation.

Neural networks, being highly flexible and adaptable, empower the MVTSI model to
generalize well to diverse energy datasets. The ability to learn from data without relying on predefined
assumptions allows the model to dynamically adjust to the specific characteristics of the energy data
it encounters. This adaptability is crucial in real-world scenarios where energy data exhibits varying
patterns and complexities. In contrast to classical imputation methods that often struggle with
capturing intricate relationships and patterns in multivariate time series, neural networks offer a data-
driven approach. The capacity to automatically extract features and dependencies from data makes
neural networks particularly effective in scenarios where the underlying dynamics are complex and
non-linear.

The incorporation of neural networks, as witnessed in the MVTSI model, represents a
paradigm shift in imputation techniques. By leveraging the capacity of neural networks to learn from
data, MVTSI not only overcomes the limitations of classical methods but also sets a new standard for
accuracy and adaptability in multivariate time series imputation. As neural network-based imputation
gains prominence, future research directions may explore advancements in model architectures,
regularization techniques, and the fusion of different types of neural networks for improved
performance. The interdisciplinary collaboration between data scientists and domain experts will
continue to drive innovation in harnessing the power of neural networks for handling missing values
in diverse domains, including energy analytics.

11



UDC: 629.735.33:519.6

Derrick Hines, Philipp Bekemeyer (DLR German Aerospace Center, Lilienthalpl. Brunswick,
Germany)

NEURAL NETWORK-DRIVEN EXPLORATION IN AIRCRAFT DESIGN

Abstract: This study delves into the realm of computational fluid dynamics (CFD) simulations, emphasizing the
crucial role of graph neural networks (GNNs) in advancing aerodynamic predictions for modern aircraft design. The
exploration navigates through challenges posed by high-fidelity simulations, advocating for efficient surrogate methods.
Methodologies, including proper orthogonal decomposition (POD) and multilayer perceptron, are dissected alongside a
pioneering GNN approach. Test cases featuring the NLR7301 airfoil and the NASA Common Research Model underscore
the GNN's potential in predicting surface pressure distributions across diverse operational parameters. The findings
contribute insights into balancing accuracy and computational efficiency, paving the way for transformative impacts on
aircraft design workflows.

Anomauin: ye 0ocniodxcenus 3a2nuba0emsvcs 6 cghepy mooenroeanns obuucosanrvhoi iopoounamixu (CFD),
RiOKpecaoYu sUpiuanrbHy poib epagosux neliporuux mepedc (GNN) y 600cKOHANeHH] aepoOUuHAMIYHUX NPOSHO3I8 OISl
CyuacHoeo ousaiiny aimaxis. Jocnioxcenns npoxooums uepes UKIUKU, N08 A3AHI 3 MOOENOBAHHAM SUCOKOI MOYHOCHII,
3axuwarouu egpekmusHi cypoeamui memoou. Memooonoeii, 8KIOUHO 3 NPASUTLHUM OPINOLOHATLHUM POKAAOAHHAM
(POD) i 6acamowiaposum nepyenmponom, po3ouparomscs pasom i3 nionepcbkum nioxooom GNN. Tecmosi éunaoku, wo
sxmodaroms aepoounamivnutl npogine NLR7301 i 3acanvry docrionuysvky moodeiv NASA, niokpecnooms nomenyian
GNN y nepeobauenni po3nodiny noeepxueso2o mucky 3a pisnumu pobouumu napamempamu. Ompumani pesynemamu
o0onomazaoms 3po3ymMimu OANAHC MIdC MOYHICMIO WA 0OYUCTIOBANLHOIO eGEeKMUSHICIIO, NPOKIAOAIOYU WIAX 00
mparncgopmayiinoeo 6naugy Ha poboui npoyecu npPoeKmy8anHs J1imaKis.

Computational fluid dynamics (CFD) simulations play a crucial role in modern aircraft design,
offering highly accurate flow field predictions for in-depth insights into aircraft behavior. These
simulations, typically solving the Reynolds-averaged Navier-Stokes (RANS) equations, are
fundamental for assessing aerodynamic performance, structural loads, and handling qualities at
various design stages. However, their high computational cost limits their feasibility in early design
phases and time-sensitive environments, such as aerodynamic load estimation.

To address this challenge, surrogate methods are essential for efficiently predicting flow
fields. Data-driven models, particularly proper orthogonal decomposition (POD) combined with
interpolation methods, have gained attention. While POD is effective for linear phenomena, its
limitations in capturing local nonlinearities, especially in transonic flow conditions, motivate
exploration of alternative methods.

Recent research has turned to deep learning (DL) models for their ability to extract
hierarchical data features. These DL models have shown success in predicting aerodynamic
coefficients, surface pressure distributions, and unsteady forces. However, existing studies often
focus on 2D airfoils with structured grids, whereas industrial applications involve more complex
geometries with unstructured grids.

This paper introduces a graph neural network (GNN) approach for predicting distributed
quantities on large-scale unstructured grids. The method is applied to predict surface pressure
distributions for the NASA Common Research Model (NASA CRM) transport aircraft, featuring
transonic flows with shocks and boundary layer separation.

The organization of the paper includes a task description and available geometric information,
followed by a detailed presentation of data-driven methods, with a focus on GNN development. Two
test cases, the NLR7301 airfoil and the NASA CRM configuration, are discussed, and the results are
presented for evaluating prediction performance and generalization capabilities of the models.

In conclusion, this study demonstrates the application of a GNN approach for predicting
surface pressure distributions on complex 3D aircraft configurations with large-scale unstructured
grids, showcasing its potential for industrial use in aerodynamic simulations. The presented
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comparison with other methods contributes to understanding their prediction performance and
computational efficiency.

Continuing with the exploration of aerodynamic simulations, it's crucial to emphasize the
ongoing challenges and advancements in the field. Despite the promising capabilities of data-driven
models and deep learning techniques, several considerations merit attention.

One notable challenge lies in the extension of deep learning methods to handle more complex
3D aircraft configurations with unstructured grids. While existing studies have demonstrated success
in predicting aerodynamic quantities for 2D airfoils, the transition to intricate geometries common in
industrial applications demands further investigation. The effectiveness and scalability of deep
learning approaches on unstructured grids with millions of points require careful scrutiny.

Additionally, the comparison of different methods, such as proper orthogonal decomposition
(POD) coupled with interpolation, multilayer perceptron, and graph neural network (GNN)
simulators, provides valuable insights into their prediction performance and computational efficiency.
Understanding the trade-offs between accuracy and computational cost is essential for selecting the
most suitable method based on the specific requirements of the aerodynamic simulation task.

Furthermore, the discussion on test cases, including the NLR7301 airfoil and the NASA CRM
transport aircraft, underscores the importance of evaluating models in diverse scenarios. The ability
to predict surface pressure distributions across various operational parameters is a critical aspect of
industrial relevance. Assessing the generalization capabilities of models based on testing samples not
seen during training and validation adds robustness to the findings.

As the aerospace industry continues to evolve, with an increasing focus on efficiency,
sustainability, and innovation, the role of computational methods in aerodynamic design becomes
even more pronounced. The integration of advanced modeling techniques, such as graph neural
networks, into the design and optimization processes holds the potential to streamline and enhance
the accuracy of aerodynamic simulations for next-generation aircraft.

In conclusion, this study contributes to the ongoing dialogue in aerodynamic simulations by
presenting a novel approach using graph neural networks for predicting surface pressure distributions
on complex 3D aircraft configurations. The findings underscore the importance of leveraging data-
driven models and deep learning techniques while acknowledging the nuances and challenges
associated with their application in industrial settings. Future research directions may involve refining
these models, expanding to even more complex scenarios, and exploring hybrid approaches that
combine the strengths of different methodologies.

Continuing the exploration of aerodynamic simulations and the role of computational methods
in modern aircraft design, it's essential to delve into the broader implications and potential future
directions in the field.

The adoption of advanced techniques, such as graph neural networks (GNNSs), represents a
paradigm shift in how aerodynamic simulations are approached. GNNs offer a promising avenue for
handling complex 3D configurations with unstructured grids, addressing a long-standing challenge
in the application of deep learning to real-world aerospace scenarios. As research in this area
progresses, it becomes imperative to fine-tune these models to accommodate the intricacies of diverse
geometries and flow conditions encountered in practical aircraft design.

Moreover, the discussion on different methodologies, including proper orthogonal
decomposition (POD) coupled with interpolation and multilayer perceptron, adds nuance to the
understanding of model selection. While deep learning methods exhibit remarkable capabilities, it's
crucial to recognize scenarios where computationally efficient approaches like PODI may still find
utility. Balancing accuracy with computational cost remains a pivotal consideration, especially in
time-sensitive environments and early design stages.

The presented test cases, featuring the NLR7301 airfoil and the NASA CRM transport aircraft,
serve as benchmarks for evaluating the models' performance. The emphasis on predicting surface
pressure distributions across diverse operational parameters underscores the practical applicability of
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these models in industrial settings. Future studies could expand these test cases to include even more
challenging scenarios, reflecting the evolving demands of the aerospace industry.

Looking ahead, the integration of advanced computational methods into the design workflow
holds the potential to revolutionize aircraft development. The continuous evolution of these
techniques, driven by advancements in artificial intelligence and machine learning, aligns with the
industry's goals of enhancing efficiency, reducing environmental impact, and pushing the boundaries
of innovation.

In conclusion, the intersection of aerodynamics and computational methods is a dynamic and
evolving space. The study's findings contribute valuable insights, but they also invite further
exploration and refinement of models to meet the growing complexity of aerospace challenges. As
researchers and industry practitioners collaborate, the synergy between cutting-edge computational
methods and traditional aerodynamic principles will pave the way for transformative advancements
in aircraft design and performance.

In summary, this extensive discussion has revolved around the pivotal role of computational
methods, particularly focusing on graph neural networks (GNNs), in advancing aerodynamic
simulations for modern aircraft design. The exploration encompassed the challenges of high-fidelity
simulations, the need for efficient surrogate methods, and the evolving landscape of data-driven
models.

The study presented a comprehensive comparison of methodologies, ranging from proper
orthogonal decomposition (POD) coupled with interpolation to multilayer perceptron and, notably,
the innovative GNN approach. Each method was scrutinized for its predictive performance,
computational efficiency, and applicability to real-world scenarios.

Test cases featuring the NLR7301 airfoil and the NASA Common Research Model (CRM)
transport aircraft provided practical contexts for evaluating the models' capabilities in predicting
surface pressure distributions across diverse operational parameters. The results not only showcased
the potential of GNNs in handling complex 3D configurations with unstructured grids but also
underscored the ongoing need to balance accuracy with computational cost.

Looking forward, the integration of advanced computational methods into the aircraft design
workflow holds promise for transformative impacts. The continuous evolution of these techniques,
driven by artificial intelligence and machine learning advancements, aligns with industry goals of
enhancing efficiency, reducing environmental impact, and fostering innovation.

In conclusion, this exploration at the intersection of aerodynamics and computational methods
signifies a dynamic and evolving space. The study's findings contribute valuable insights and set the
stage for future research aimed at refining models to meet the growing complexity of aerospace
challenges. Collaborative efforts between researchers and industry practitioners are poised to drive
transformative advancements in aircraft design and performance.
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DEEP LEARNING APPROACHES IN TOURISM MANAGEMENT

Abstract: This research applies neural network technologies to analyze and forecast tourism aspects, focusing
on social media, especially Twitter, for sentiment analysis. Utilizing deep learning algorithms, including RNNs, TCNs,
and TFT, the study assesses sentiment and predicts reputation. The research also explores forecasting visitor numbers,
considering methods like RF, XGBoost, TCN, and TFT. Emphasis is placed on analyzing causal relationships using
reinforcement learning and causal learning algorithms. Addressing diverse data sources, the study underscores deep
learning's efficacy in multimodal analysis of text, images, and other information in tourism management. The conclusion
highlights the contribution of various deep learning methods to innovative tourism management technologies, offering a
promising avenue for destination analysis and optimization.

Anomayia: Lle Oocniddxcenns 3acmocogye mexnono2ii HelpoHHUX Mepedc Ol aHanizy ma NpOSHO3YE8aAHHS
acneKkmie mypusmy, 30cepeodicyouuch Ha coyianvhux meodia, ocoonuso Twitter, Ona ananizy Hacmpoie. Bukopucmogyouu
aneopummu enuboxoeo Haguamus, exmouairouu RNN, TCN i TFT, Oocniddcenus oyiHIoe HACMPOi mMa NPOSHO3VE
penymayiro. JJoCniodNceH s MaKoxic 8UBYAE NPOSHO3YBAHHSA KIIbKOCMI 8I08I0yeauis, epaxosyrouu maxi memoou, ax RF,
XGBoost, TCN i TFT. Axyenm pobumbvbca HA AHANIZ] NPUYUHHO-HACTIOKOBUX 36 'A3KI8 3a OONOMO20I0 HABYAHHA 3
RIOKPINIeHHAM 1 an20pUmmie NPUYUHHO-HACTIOKOB8020 HABYAHHA. 36epmarouucy 00 PISHOMAHIMHUX Odcepen OaHux,
00CniONCeH A NIOKPeCIOe eeKMUBHICIb eIUOOKO20 HABYAHHSA 8 MYIbMUMOOAILHOMY AHANIZI MeKCmY, 300paxcenb ma
iHwol inpopmayii 6 ynpaeninui mypusmom. Bucnogok niokpeciroe necok pi3HUX Memooie 2iub0K020 HAGUAHHS 8
IHHOBAYIUHI MeXHON02IT YNPAGNIHHS MYPUSMOM, NPONOHYIOUU OA2amoobiysouull wisx Oas aHalizy ma Onmumizayii
HANpAMKIG.

Tourism plays a crucial role in the development of historical and cultural cities. In the context
of Smart Cities, leveraging data from various sources in the tourism domain is essential for
monitoring and predicting different indicators related to tourist locations and attractions. This paper
introduces a framework that utilizes social media and big data for forecasting online reputation and
the presence of tourists at attractions. Machine learning, deep learning, causality assessment, and
explainable Artificial Intelligence techniques are employed to identify relevant variables for each
prediction. The proposed framework includes a multilingual sentiment analysis tool for social media
data based on transformers, comparing data sources such as Trip Advisor and Twitter. Causality
analysis evaluates the temporal impact of social media posts and other factors on the number of tourist
presences. Developed within the Herit-Data project, funded by the European Commission, and based
on the Snap4City infrastructure, the paper presents solutions for major European touristic locations,
focusing on Florence, Italy, and Pont du Gard, France.

Introduction: Tourism, as an experiential phenomenon, relies heavily on communication.
Social media serves as an ideal instrument for implementing word-of-mouth communication, gaining
significance in the tourism field for its role in propagating information about attractions and cultural
heritage sites. The success of touristic destinations is intricately linked to their reputation, with
platforms like Trip Advisor collecting user comments and scores as explicit reputation assessments.
This paper addresses the growing relevance of social media content in the tourism sector and the need
for effective analysis to understand its impact on destination choices.

State of the Art and Related Works: The emphasis on providing predictive tools for decision-
makers in the tourism industry is growing, with a focus on online reputation and the number of
presences at touristic attractions. Predictive models, driven by data-driven approaches like machine
learning and data analytics, aim to empower decision-makers with the ability to anticipate changes in
reputation and forecast visitor presences.

Reputation Assessment: Numerous research papers have explored Tourism Reputation
Assessment, particularly on online platforms. Social media content on tourism platforms, such as Trip
Advisor, influences the perception of attractions. This paper highlights the importance of
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understanding the relationships between different platforms, such as Twitter and Trip Advisor, for
reputation assessment.

Reputation Forecasting: Online Reputation Management systems play a crucial role in
assessing and predicting the online reputation of touristic attractions. The complexity of reputation
prediction, akin to predicting stock values, requires innovative solutions. This paper discusses the use
of Trip Advisor review data and explores the changing nature of reputation over time as a time-series
data.

Tourist Presence Forecasting: The prediction of the number of people at touristic attractions
is a valuable application within the tourism domain. Various data sources, including Wi-Fi sniffing,
laser counting, thermal cameras, and Twitter data, contribute to predicting tourist presences. The
paper delves into predictive models and methodologies, such as seasonal autoregressive integrated
moving average (SARIMA), for estimating and forecasting the number of tourists.

In summary, the proposed framework integrates social media and big data to forecast online
reputation and tourist attraction presences, offering insights into the interplay between reputation,
social media, and visitor numbers. Developed within the Herit-Data project, the solutions presented
for specific European locations contribute to the advancement of predictive tools in the tourism sector.

In the conducted research, much attention is focused on the analysis of feedback in social
networks, such as Twitter, in order to evaluate the orientation of tweets, determine the quality of
services, form recommendations for visiting places, and predict the online reputation of tourist
destinations. Neural network technologies such as sentiment analysis algorithms are used to achieve
these goals.

These methods are based on deep learning architectures such as recurrent neural networks
(RNNs), temporal convolutional networks (TCNs) or temporal transformers (TFTs). They are
designed to process large volumes of textual information, analyze sentiments and use them to predict
reputation.

In addition to the analysis of social networks, the forecasting of the number of visitors is also
investigated. Different methods are used here, such as deep learning models for working with time
series. This can include ensemble methods such as random forest (RF) and gradient boosting
(XGBoost), or specialized deep learning models for time series forecasting such as TCN or TFT.

A study of causal relationships between reputation, presence and posts in social networks is
also proposed. Reinforcement learning methods or causal learning algorithms can be used for such
analysis.

Given the diversity of data sources, there is a need for multimodal analysis that encompasses
text, images, and other data. Deep learning can be an effective tool for processing various types of
information.

This study reflects the practical application of deep learning methods in tourism management,
where a large amount of processed data is taken into account and forecasting models are developed.
In conclusion, it can be noted that the work contributes to the development of innovative technologies
in the field of tourism management and can have a significant impact on the development of the
industry.

1. Using deep learning for personalized recommendations: One potential perspective is the
application of deep learning to develop personalized recommendations for tourists. Models that take
into account personal preferences and visit history can significantly improve service quality and
guarantee tourist satisfaction.

2. Taking spatio-temporal features into account: Extending the analysis to spatio-temporal
characteristics can contribute to more effective forecasting of the popularity of different places in
different periods. It is possible to consider network architectures capable of simulating the dynamics
of visits depending on the season, festive events and other factors.

3. Improving the analysis of feedback and emotions: Developing more accurate models for
analyzing feedback and emotions can contribute to the improvement of recommendations and the
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formation of a positive image of tourist destinations. Considering architectures that more accurately
recognize sentiment and context in text is an urgent task.

4. Application of reinforcement learning in the management of tourist facilities:
Reinforcement learning models can be used to optimize the management and organization of tourist
facilities. Algorithms that learn from feedback and visit dynamics can significantly improve service
and increase tourist satisfaction.

5. Impact of technology on the development of tourism: It is necessary to conduct research on
the impact of the use of advanced technologies, such as artificial intelligence and neural networks, on
the development of tourism in general. How can these technologies increase the competitiveness of
tourist destinations and ensure the sustainability of the industry?

These areas of research in the field of using artificial intelligence in tourism have great
potential for improving service and increasing the satisfaction of tourists. The development of models
based on deep learning and reinforcement learning can open new opportunities for innovative
management of tourism resources.
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Al IN INDUSTRY 4.0: COMPREHENSIVE DESIGN AND QUALITY MANAGEMENT

Abstract: This research explores the integration of Artificial Intelligence (Al) in Industry 4.0, addressing cost
reduction, resource management, and production quality. Industry 4.0 principles guide the study, emphasizing Al's role
in achieving industrial goals. Machine learning aids in data analysis, contributing to effective issue resolution. The survey
classifies Al approaches, tools, and challenges, providing insights into their impact on societal and economic
technologies. Despite limitations, the research offers a complete taxonomy, contributing to further advancements in Al
in Industry 4.0.

Anomauin: ye oocniodicents 00caioxcye inmezpayiro wmyurozeo inmenexmy (L) 6 Inoycmpiio 4.0, cnpamogany
HA 3HUIICEHHS BUMPAM, YNPAGIIHHA pecypcamy ma AKicmb eupoonuymea. JJocniodicenns IpyHmyemvCa Ha NpUHYUNax
Industry 4.0, axi niokpecniooms poib WMy4yHo20 iHmenekmy 6 00CsAcHeHHi npomuciosux yireu. Mawunne naguanua
donomazae 6 aHANI3I OAHUX, CApUANYU epekmueHomy eupiuwieHnto npobrem. OnumyeanHs Kiacugikye nioxoou,
iHCmMpyMenmu ma GUKIUKU WIMYYHO20 [HMENeKmy, HAOalouu pPO3YMIHHA iX 6NAUBY HA COYIANbHI Ma eKOHOMIuHi
mexnonoeii. Hesgaxcaiouu Ha o0OMedceHHs, OOCHIONCEeHHA NPONOHYE NOBHY MAKCOHOMIIO, CHpUAIOHU NOOANbULOMY
pozsumxy LI ¢ Indycmpii 4.0.

In recent years, industries and technology have advanced, focusing on cost reduction, resource
management, and enhancing production efficiency and product quality. The principles of Industry 4.0
address these objectives. The advent of Artificial Intelligence (Al) aligns with Industry 4.0, offering
significant improvements in production costs and addressing product-related challenges.

Al encompasses various applications, including security, automatic configuration, planning,
control and monitoring, prediction and diagnosis, and decision-making based on information and
algorithms. These applications aim to achieve industrial goals, such as replicating product processes
and monitoring factory performance. Machine learning analyzes and predicts data, enhancing
production efficiency, meeting high customer standards, and improving product quality. The data
obtained serves as a reference for researchers and manufacturers in their transition to Industry 4.0.

The integration of Al brings profound changes to industrial operations, including improved
maintenance and control, process monitoring, optimized production processes, and reduced
complexity. Al approaches offer advantages such as managing different branches using smart
systems, continuous system analysis, simulation for optimization, and quick pattern recognition for
improved system management and reduced costs.

This paper conducts an in-depth survey of technologies and tools for Al approaches in
Industry 4.0, emphasizing Al's essential role in the fourth industrial revolution. While literature
explores the impact of this revolution on society, the specific contributions of Al to poverty reduction,
infrastructure development, and sustainable goals remain under-researched. The 21st century has
witnessed substantial Al investment, transforming it into a crucial factor in societal and economic
technologies.

Drawing on Al advantages, this paper contributes a comprehensive view, providing a
taxonomy of Al approaches in Industry 4.0. It classifies Al and Industry 4.0 integration approaches,
tools, assessment methodologies, and criteria, offering an overview of practical techniques,
challenges, and emerging issues. The research also addresses the holistic understanding of how Al
contributes to the 4th industrial revolution's main goals.

The paper's contributions include delivering a concise tutorial and an integration architectural
view for Al and Industry 4.0, designing a taxonomy for Al in Industry 4.0, and providing a
comprehensive overview of practical techniques, challenges, and emerging issues related to Al and
Industry 4.0. The research methodology involves systematic mapping study methods, presenting
existing Al solutions in Industry 4.0, culminating in a taxonomy.
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Previous studies explored Al solutions in Industry 4.0, focusing on specific domains or
challenges. Research concentrated on data management using machine learning and deep learning,
emphasizing Al's significance in handling various product life cycle levels. Another contribution
delved into quality management across product, service, and production cycle stages, considering Al
and related technologies from the perspective of customer satisfaction and product performance
improvement.

Research Methodology outlines the steps in employing Systematic Mapping Study methods
to survey Al approaches in Industry 4.0. It presents a taxonomy of Al approaches in Industry 4.0,
examining the emergence of Industry 4.0 and its various aspects. The research categorizes selected
articles based on Al's role in product quality management and its implementation in the industry's
complete production cycle.

The study acknowledges limitations, including the exclusion of certain studies, impacting
result interpretation. Despite these limitations, the research provides a complete taxonomy of Al
approaches in Industry 4.0, contributing to further developments.

This paper systematically explores Al methods and solutions in the context of Industry 4.0,
classifying Al approaches into two categories: quality management in production and product life
cycle management. Factors such as cost, performance, time, reliability, security, data, and service
accuracy are crucial in quality management, while the product lifecycle involves considerations such
as data transmission, load balancing, and data reliability. The research concludes by summarizing the
comprehensive design for developing artificial intelligence in the industry, emphasizing its potential
impact on the goals of the 4th industrial revolution.

The research opens avenues for future exploration in the realm of Al and Industry 4.0.
Notably, incorporating an in-service performance measure, such as stiffness or crashworthiness,
alongside manufacturability considerations could enhance the platform's capabilities for more
comprehensive design optimization. Developing a surrogate model that accurately predicts these
performance measures would be a crucial step in this direction.

Additionally, the optimization of other variables influencing the stamping process, such as
material characteristics, blank shape, or processing parameters, presents an opportunity for further
refinement. Integrating these variables into the optimization platform could provide valuable insights
for stamping process setup and contribute to more informed decision-making.

Considering measures of uncertainty in the surrogate model's predictions could enhance the
robustness of the platform's results. This would enable more confident decision-making and
contribute to the overall reliability of the optimization process.

Developing a user-friendly graphical user interface (GUI) for the platform could simplify its
use and facilitate broader adoption in industry applications. Removing the need for end-users to grasp
advanced machine learning concepts could streamline the interface and make the platform more
accessible to a wider audience.

In conclusion, these suggested future directions aim to enhance the utility of the proposed
platform, making it more versatile, robust, and user-friendly, ultimately contributing to its broader
adoption in both industry and academia.

Moreover, the integration of advanced neural network architectures holds promise for further
advancing the capabilities of the optimization platform. Exploring state-of-the-art architectures, such
as transformer-based models or novel recurrent neural network structures, could lead to
improvements in capturing complex relationships within sheet stamping geometries.

The use of attention mechanisms within neural networks could enhance the model's ability to
focus on critical features and regions during the optimization process. This could lead to more
targeted and efficient geometry updates, addressing specific challenges or constraints in a more
nuanced manner.

Incorporating transfer learning techniques into the neural network models could leverage pre-
trained models on related tasks, potentially accelerating the training process and improving the overall
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performance of the optimization platform. This approach could be particularly beneficial when
dealing with limited data scenarios.

Furthermore, exploring the integration of reinforcement learning principles could open up new
avenues for adaptive and autonomous optimization. Reinforcement learning algorithms could enable
the platform to learn from interactions with the optimization environment, adapting its strategies over
time for improved efficacy.

The combination of neural networks with meta-learning approaches could enable the platform
to adapt quickly to new stamping geometries or manufacturing constraints, reducing the need for
extensive retraining when applied to diverse scenarios.

In conclusion, the incorporation of advanced neural network architectures, attention
mechanisms, transfer learning, reinforcement learning, and meta-learning techniques could
significantly enhance the optimization platform's capabilities, making it more adaptive, efficient, and
versatile in addressing a wide range of sheet stamping challenges.

This study examines artificial intelligence methods and solutions in the context of Industry
4.0, classifying them into two areas: production quality management and product life cycle
management. Important factors in quality management include cost, performance, time, reliability,
security, data, and service accuracy, while aspects such as data transfer, load balancing, and data
reliability are considered in the product lifecycle. The study highlights a comprehensive design for
the development of artificial intelligence in industry, emphasizing its potential impact on the goals of
the Fourth Industrial Revolution.
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DESIGNING A NEURAL NETWORK BASED ON ADAPTABILITY AND NOISE
SUPPRESSION

Abstract: This research introduces an innovative approach to neural network design based on inflection point
analysis, automating the selection of the minimum required neurons. The methodology demonstrates adaptability to
diverse system complexities, mitigating overfitting without additional regularization. Emphasizing noise reduction in
data, the designed neural network acts as a filter, advantageous for real-world applications with noisy signals. The study
explores practical implications, highlighting potential in system identification and offering insights for future integration
into ensemble learning or deep neural network frameworks. Overall, this methodology showcases versatility and
effectiveness in addressing challenges in neural network design and holds promise for practical implementation in
various domains.

Anomauin: Y yvomy OocniodcenHi npedcmasnenHo iHHOBAYIIHULL NiOXI0 00 pPO3POOKU HEUPOHHUX Mepedc,
3ACHOBAHUL HA AHANI3] MOYOK NEpeSuHy, Wo a8MmoMamu3ye eubip MiHIMAAbHO HeoOXIOHUX HelipoHis. Memodonozis
0eMOHCMPYE A0ANMUSHICMb 00 PISHOMAHIMHUX CKAAOHUX CUCTEM, NOM SIKULYIOYU HAOMIPHE OCHAWeHHsL 6e3 000amKo8ol
peaynapizayii. ITiokpecnioouu 3meHuwenns wymy 6 Oauux, po3podiena HeupoHHa mepedica Oic sK Ginemp, wo €
nepesazoio 0Jisl peanvbHux 000amKie i3 3autymiaenumu cueHanamu. Jocaiodicenusi 00CHioHCye NpaKmuyHi HACAiOKU,
BUCBIMIIOIOYY nOMeHyian i0enmuikayii cucmemu ma nPonoHyouu idei Ons maubymuvoi inmezpayii 6 ancambiese
HAGUAHHS AOO CMPYKMYpy 2aub0Koi HeupoHHOI mepedic. 3a2anom ys Memooonozis OeMOHCMPYE YHIGePCATbHICMb Ma
epexmusnicms y eupiuwenni npodiem y po3podyi HeUpOHHUX Mepedc i € NepcnekmueHolo O NPAKMUYHO20
8NPOBAONHCEHHS 8 PI3HUX chepaXx.

The presented study introduces a novel approach for designing neural networks (NN) to
approximate data sets. The methodology leverages inflection point analysis to determine the number
of neurons in a feedforward neural network with one hidden layer, utilizing a hyperbolic tangent
activation function. The distinctive advantage of this method lies in its ability to automatically select
the smallest number of neurons without the need for regularization.

The simulation experiments conducted demonstrate the effectiveness of this approach in
defining the minimal number of neurons required to approximate both linear and nonlinear functions
with minimal error. This methodology proves applicable to a broad spectrum of linear and nonlinear
systems, assuming the function possesses derivatives in the desired approximation domain.

It is noteworthy that, when employing the hyperbolic tangent as the activation function, a
feedforward neural network with a single neuron in the hidden layer can adequately approximate the
time behavior of nonoscillating system responses. Such systems typically represent solutions to linear
and nonlinear first-order differential equations. However, for the approximation of linear or nonlinear
differential equations of higher order, particularly those exhibiting oscillatory behavior, two or more
neurons become necessary.

It is crucial to recognize that the choice of activation functions other than the hyperbolic
tangent may yield diverse outcomes. The study concludes by outlining potential avenues for future
research. Specifically, further investigation is needed to determine whether this method is applicable
to a specific class of functions, especially those governed by differential equations with exponential
functions as solutions. Additionally, the feasibility of automating the creation of neural networks
based on this method for deployment as regression models in soft sensors requires validation.
Subsequent works will explore the applicability of the proposed method to deep neural networks with
multiple hidden layers.

Continuing the exploration of this methodology, it is imperative to highlight the significance
of inflection point analysis in determining the optimal number of neurons. The approach
demonstrated its robustness across diverse scenarios, showcasing its potential to handle both linear
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and nonlinear systems. This adaptability stems from the automatic selection of the minimum required
neurons, obviating the need for explicit regularization.

The simulations conducted in this study provided valuable insights into the performance of
the neural network in approximating various functions. Notably, the utilization of hyperbolic tangent
activation function in a single-neuron hidden layer proved effective for capturing the time behavior
of nonoscillating system responses. This aligns with the solutions typically found in linear and
nonlinear first-order differential equations.

However, the study acknowledges the inherent complexity of systems displaying oscillatory
behavior or higher-order dynamics. In such cases, the methodology suggests the incorporation of
additional neurons to achieve accurate approximations. This nuanced approach recognizes the
diversity in system responses and tailors the neural network architecture accordingly.

A key takeaway from the study is the consideration of alternative activation functions. The
choice of hyperbolic tangent was instrumental in the specific context explored, but the study
acknowledges that different activation functions may yield different results. This insight underscores
the importance of selecting an appropriate activation function based on the characteristics of the
system under consideration.

Looking ahead, future research avenues include a more nuanced examination of differential
equations with exponential functions as solutions. The method's applicability to a broader range of
nonlinear differential equations warrants investigation. Additionally, the prospect of automating the
creation of neural networks based on this methodology opens doors to practical applications, such as
employing these networks as regression models in soft sensors.

Expanding on the methodology's implications, it's essential to delve into its potential
applications in practical domains. The automatic selection of the minimum number of neurons, guided
by inflection point analysis, not only streamlines the neural network design process but also addresses
a common challenge in machine learning—overfitting. By inherently adapting to the complexity of
the system under study, this method provides a tailored and efficient solution without the need for
additional regularization techniques.

The study's emphasis on handling noisy data introduces a valuable dimension to the
methodology's utility. The simulation results illustrate that the neural network, designed with the
minimum required neurons, acts as a filter, effectively suppressing unwanted noise during system
response approximation. This characteristic is particularly advantageous in real-world scenarios
where data are often corrupted by various sources of interference.

Moreover, the study's acknowledgment of potential applications in system identification
aligns with current trends in industry and technology. The ability of the proposed neural network to
discern the true function in a noisy signal, given knowledge of the system response characteristics,
positions it as a valuable tool for practical implementations. In environments where measured values
are inherently noisy, such as in industrial processes, this method offers a robust means of
approximating system behavior.

Looking forward, the research community could explore the integration of this methodology
into broader frameworks, such as ensemble learning or hybrid models combining neural networks
with other machine learning approaches. Additionally, investigating the scalability of this method to
deep neural networks with multiple hidden layers would be a pertinent avenue for future exploration.

In summary, the presented methodology not only contributes to the field of neural network
design but also holds promise for real-world applications. Its adaptability to noisy data, potential for
system identification, and simplicity in implementation make it a compelling approach in the broader
landscape of machine learning and computational modeling. As research progresses, the
methodology's versatility and applicability across diverse domains are likely to become even more
evident.
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A DEEP LEARNING PLATFORM FOR SHEET STAMPING GEOMETRY
OPTIMIZATION

Abstract: The research introduces a novel deep-learning-based optimization platform for sheet stamping
geometries, addressing challenges in vehicle light weighting. By combining CNN-based surrogate models and implicit
neural representations, the platform allows early-stage design exploration with a focus on manufacturing constraints.
Demonstrated through case studies on Corners and Bulkheads geometries, the platform exhibits significant potential in
reducing localized thinning, thereby enhancing manufacturing performance. While facing limitations related to initial
geometry constraints, the platform opens avenues for future research, presenting a promising tool for improving
efficiency, reducing development time, and cutting costs in the sheet metal stamping industry.

Anomayin: JJocniodicennsi npedcmasisic Hogy Naam@opmy Onmumizayii Ha OCHOSI 2IUOOK020 HABYAHMSL OISl
2eomempii IUCMOBO20 WIMAMNYBAHHA, KA GUPIWYE NpodiemMu 3 AeSKICmIo MpaHcnopmuozo 3acoby. Illoeonyouu
cypoecamui mooeni Ha ocnoei CNN i HesigHI HellpOHHI NPedCMAGIeHHs, NIAMPOPMA 003805 OOCALONCYSAMU OU3AUH HA
PaHHitl cmaodii 3 akyeHmom Ha 8upoOHuYi ooMmedceHHs. 1Ipo0eMoHCmpPosano Ha MeMaAMUYHUX OOCTIONCEHHAX 2eoMempii
Kymie i nepe2opoook, niameopma 0eMOHCMPYE 3HAUHUL NOMEHYIAN Y 3MEHULeHHT IOKAbHO20 CIOHULEHHS, MUM CAMUM
nidguwylouu npodykmueHicms eupobruymea. Hezeascaiouu na obmedicenns, nog si3ami 3 NOUAmMKOGUMU 2eOMEMPUYHUMU
obOMedceHHAMY, naam@opma SIOKpUSAE WIAXU OA MAUOYMHIX O00CHIONCeHb, NPeOCmasianyl nepcnekmugHuUll
iHcmpymenm Onsi NiOGUWIEHHS. eheKMUGHOCMI, CKOPOYEHHsI 4acy po3pOOKU ma CKOPOYeHHs Gumpam y 2dnysi
UWMAMNRYBAHHSL TUCMOBO20 MEMALY.

The study addresses challenges in vehicle light weighting by introducing a deep-learning-
based platform for optimizing sheet stamping geometries. Current stamping processes are promising
but unfamiliar to industrial designers, leading to increased development time. The proposed platform
combines CNN-based surrogate models and implicit neural representations to optimize stamping
geometries, allowing for expressive topology changes. The platform features a novel backward pass
enabling gradient-based optimization, considering manufacturing constraints. It extends CNN-based
surrogate models and implicit neural representations to complex sheet stamping geometries, including
those from multiple parameterization schemes. The platform defines objective and constraint
functions based on predicted post-stamped physical fields. The study validates the platform through
case studies, demonstrating its effectiveness in achieving expressive geometry changes and reducing
severe localized thinning. Despite limitations related to initial geometry constraints and machine
learning adoption, the platform presents significant potential for improving manufacturing
performance, reducing development time, and lowering production costs in the sheet metal stamping
industry."

The research presents a deep-learning-based optimization platform for sheet stamping
geometries, aiming to address challenges in vehicle light weighting. The platform integrates CNN-
based surrogate models and implicit neural representations, allowing for expressive topology changes
and optimizing geometries based on manufacturing constraints. The study extends the application of
these models to complex sheet stamping geometries and proposes a novel backward pass for gradient-
based optimization. Validation through case studies demonstrates the platform's capability to achieve
significant reductions in localized thinning and make expressive geometry changes, providing
potential benefits for manufacturers in terms of improved manufacturing performance and reduced
development time.

Despite notable achievements, the platform has limitations related to the requirement for
initial geometries within the model training distribution, sensitivity to initial geometry, and the
learning curve associated with machine learning adoption in the stamping industry. The study opens
avenues for future research, suggesting the incorporation of in-service performance measures,
optimization of additional variables affecting the stamping process, inclusion of uncertainty measures
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in surrogate model predictions, and the development of a user-friendly interface. These directions
could enhance the platform's utility and foster its adoption in industry applications.

In conclusion, the proposed optimization platform has the potential to contribute significantly
to the sheet metal stamping industry. By enabling non-trivial geometric changes to suit new stamping
processes, the platform offers opportunities for improved manufacturing performance, reduced
development time, and cost savings. Furthermore, the platform's ability to optimize complex
geometries with small-scale features positions it as a valuable tool for addressing intricate design
challenges. Overall, the research contributes to innovation in the sheet metal stamping industry and
holds promise for further growth in both industry and academia.

The deep-learning-based optimization platform for sheet stamping geometries, as presented
in this research, signifies a crucial step toward addressing challenges in the domain of vehicle light
weighting. By integrating CNN-based surrogate models and implicit neural representations, the
platform enables the exploration of expressive topology changes in the early stages of component
design, optimizing geometries with a focus on manufacturing constraints.

The study's notable contributions include the extension of CNN-based surrogate models to
intricate sheet stamping geometries and the introduction of a unique backward pass for gradient-based
optimization. Through case studies involving Corners and Bulkheads geometries, the platform
showcased its ability to significantly reduce localized thinning, demonstrating its potential impact on
improving manufacturing performance. The platform's capability to handle complex geometries with
small-scale features suggests its suitability for addressing design challenges in various components.

Despite its achievements, the platform faces limitations related to the need for initial
geometries within the model training distribution and potential sensitivity to the initial geometry. The
learning curve associated with machine learning adoption in the stamping industry adds another layer
of consideration. The research wisely outlines future research avenues, such as incorporating in-
service performance measures, optimizing additional variables affecting the stamping process, and
enhancing uncertainty measures in surrogate model predictions. The proposed development of a user-
friendly interface further emphasizes the practical applicability of the platform.

In summary, this research not only introduces a powerful optimization tool for sheet stamping
geometries but also lays the groundwork for further advancements. The potential benefits for
manufacturers in terms of improved efficiency, reduced development time, and cost savings
underscore the platform's significance in driving innovation in the sheet metal stamping industry. As
the platform evolves, it has the potential to become a key player in shaping the future of vehicle light
weighting and design optimization.
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INTEGRATING CPRMFS FOR TOOLS STORAGE IN SMART MANUFACTURING

Abstract: This study delves into the realm of smart manufacturing, exploring the integration of a Cyber-Physical
Robotic Mobile Fulfillment System (CPRMFS) for tools storage in conjunction with multi-robots. The proposed system
addresses the need for reducing human errors and enhancing operational efficiency within smart manufacturing
environments. The research leverages contemporary technologies such as Cyber-Physical Production Systems (CPPS),
the Internet of Things (10T), and 3D printing, showcasing the adaptability of the CPRMFS across diverse manufacturing
scenarios. The core focus lies in the simulation of decentralized multi-robot path planning, providing valuable insights
into the system's performance under various instances and classification algorithms. The study concludes by underscoring
the managerial implications, practical applicability, and potential avenues for future research, positioning the CPRMFS
as a promising solution in the dynamic landscape of Industry 4.0.

Anomauin: Ile Oocnioxcenns 3a2nubnoemscs 6 cgepy IHMENeKMYalbH020 SUPOOHUYMEA, OOCTIONCYIOHU
inmeepayio Cyber-Physical Robotic Mobile Fulfiliment System (CPRMFS) ons 36epicanns incmpymenmie y noconamnmi
3 Oekinbkoma pobomamu. 3anponoHo8ana cucmemda CNpAMOBAHA HA 3MEHUEHHs JHIOOCLKUX NOMUIOK I NiO8UUeHHs
epexmugHocmi pobomu 6 IHMEeNeKMYAIbHUX BUPOOHUYUX cepedosuwax. [ocniodxicenHs SUKOPUCMOBYE CYYACHI
mexnonoeii, maxi six Cyber-Physical Production Systems (CPPS), Iumepuem peueii (10T) i 3D-0pyk, demoncmpyiouu
aoanmusnicme CPRMFS 0o pisnomanimnux cyenapiie eupobrnuymea. OCHO8HA y8azca 30cepeddicend Ha MOOen0B8AHHI
O0eyeHmpanizo8ano20 NIAHYBAHHS WIAXY 3 0eKIIbKoMa pobomamu, Hadaryu YinHy iHpopmayiro npo npooyKmugHicmy
cucmemu 6 pi3HUX 8UNAOKAX i aneopummax kiacugixayii. /Jocnioscenns 3a6eputyemocsi NiOKPECIeHHAM YRPAGIIHCOKUX
HACNIOKIB, NPAKMUYHOL 3ACMOCOBHOCMI MA NOMEHYIIHUX WISXIE 0151 MauOymuix docniodxcens, nosuyionyrouu CPRMFS
5K baeamoobiysioue piuteHHs 8 OuHamiyHomy aanoutagmi Inoycmpii 4.0.

Smart manufacturing, defined as the optimal utilization of labor, material, and energy for
customized, high-quality products, is marked by characteristics such as context awareness,
modularity, and interoperability. Cloud manufacturing, introduced in 2010, involves sharing
manufacturing capabilities on a cloud platform for sustainable and robust routes. Cyber-physical
production systems (CPPS) encompass layers like manufacturing resources, virtual services, global
services, and applications. Digital twins on shop-floors enable real-time performance monitoring.

The integration of smart manufacturing with cloud, digital twins, and the Internet of Things
(1oT) is a burgeoning trend. Industrial 10T (11oT) integration under the cyber layer facilitates a plug-
and-play gateway solution for data acquisition, communication, and storage. Machine learning,
specifically deep transfer learning, proves effective for accurate process recognition. Robotics plays
a significant role in reducing human involvement and enhancing operational efficiency. Robotic-
assisted warehouse systems, like the Robotic Mobile Fulfillment System (RMFS), contribute to
efficient material transfer.

The extension of robotic-assisted methods into manufacturing involves the Cyber-Physical
Robotic Mobile Fulfillment System (CPRMFS). This system integrates mobile robots for material
storage and retrieval, enhancing overall manufacturing efficiency. Additive manufacturing,
incorporating 3D printing and robotic-based moving systems, further improves manufacturing
effectiveness. The proposed CPRMFS, combining CPPS and loT, offers a decentralized multi-robot
path planning solution for smart manufacturing.

The article reviews the state-of-the-art in CPPS, presents the CPRMFS architecture, and
introduces a simulation for decentralized multi-robot path planning. The study aims to reduce human
errors and involvement in smart manufacturing, providing insights for practical applications.

The proposed CPRMFS architecture for smart manufacturing combines the capabilities of a
Cyber-Physical Production System (CPPS) with the Internet of Things (1oT) to enhance tool storage
efficiency. The system leverages digitalization, servitization, and mobile robots to reduce human
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labor involvement and errors. The integration of a decentralized multi-robot path planning solution
further optimizes manufacturing operations.

The simulation architecture demonstrates the connectivity of an loT-enabled smart
manufacturing system within the CPPS environment. This setup allows seamless storage and transfer
of operational data to the cloud-based CPPS. The digitalization of 3D printing modules, mobile
robots, and the Robotic Mobile Fulfillment System (RMFS) modules underlines the potential for
improved efficiency and reduced human intervention in manufacturing processes.

In conclusion, the study introduces a novel approach, CPRMFS, to address contemporary
challenges in smart manufacturing. By incorporating cutting-edge technologies such as 10T, CPPS,
and decentralized multi-robot path planning, the proposed system offers a comprehensive solution
for tool storage and retrieval. The findings have implications for industry practitioners seeking to
enhance their manufacturing processes through the adoption of advanced robotic-assisted systems.

Furthermore, the study highlights the significance of the proposed CPRMFS in the context of
Industry 4.0 and the ongoing evolution of manufacturing paradigms. The incorporation of 3D printing
as a case study exemplifies the adaptability of the system to diverse manufacturing scenarios.

The simulation results, focusing on decentralized multi-robot path planning, provide valuable
insights into the system's performance under various instances and classification algorithms. These
results contribute to a deeper understanding of the practical applicability and potential challenges
associated with the proposed CPRMFS architecture.

The research concludes by emphasizing the managerial implications and practical
applicability of the proposed system. The comprehensive approach to tool storage, assisted by multi-
robots and advanced technologies, positions CPRMFS as a promising solution for reducing errors
and improving overall efficiency in smart manufacturing environments. The study also suggests
avenues for future research to further refine and expand the proposed framework, keeping pace with
the dynamic landscape of smart manufacturing.
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COMPARISON OF TECHNOLOGIES FOR FULL CYCLE DEVELOPMENT
OF MACHINE LEARNING MODELS

Abstract: Several approaches can be employed for the implementation of the full cycle development of machine
learning models. Each of these approaches is supported by numerous technologies facilitating its execution. The primary
challenge associated with approaches such as AutoML and similar ones lies in the fact that machine learning model
developers often find themselves engaged in various configurations and manual actions, including data extraction and
application deployment. Embracing the MLOps approach, the entire full cycle flow is segmented into stages, each of
which can be automated. The primary drawbacks of the AutoML approach compared to the MLOps approach have been
examined. The automation of the operational aspects enables data scientists to focus solely on model development,
leading to both an acceleration of the development process and an enhancement of model quality through automated
monitoring and overall system continuity. The paper introduces a set of technologies that facilitate the full-cycle
development of machine learning models. Additionally, the convenience of utilizing these technologies is discussed, taking
into account the specific tasks at hand. Numerous technologies exist to implement such a process, with AWS SageMaker
standing out as one of the most convenient technologies, offering end-to-end capabilities within a single cloud service -
from development to deployment.

Anomauyisn: /[ns peanizayii nogHo2o yukiy po3pooxku mooenei MauuHHO20 HABYAHHS MOJCHA BUKOPUCTOBY AU
Oexinbka nioxoodis. Kooicen 3 yux nioxodié NiOMPUMYEMbCA YUCIEHHUMU MEXHONO2IAMU, AKI Noae2uyioms to2o
suxoHantsi. OCHOBHUI SUKIUK, NO8'A3aHUL i3 nioxodamu, maxumu sik AutoML i nodiowi, nonseae 8 momy, uwjo po3pooHUKU
Mooeneti MAUWUHHO20 HAGYAHHSL YACMO 3HAX00AMbCA 8 pOOOMI 3 PIBHOMAHIMHUMU KOHI2ypayismu ma pyuHumu oismu,
BKIIOUAIOYU BUTYYEHHS OAHUX Md PO320PMAHHA 000amkig. 3acmocysanns nioxody MLOps 0o3801s€ po3oumu 8eco YuKi
pobomu Ha emanu, KOJ4CeH 3 AKUX MOJice Oymu agmomamuzosanutl. B pobomi Oynu poszenanymi ocHo8HI HedoiKu nioxooy
AutoML nopieuano i3 nioxodom MLOps. Aemomamusayis onepayiuHux acnekmis O0036074€ GYEHUM 3 OAHUX
30Ccepedumucs GUKIIOYHO HA po3pobyi mooeni, wo npu3gooums SAK 00 NPUCKOPEHHS npoyecy po3pobKu, max i 00
NOKPAWeHHs AKOCMI MOO0ei 3a80AKU A8MOMAMU308AHOMY MOHIMOPUHEY MA 3A2AbHINl HeNnepepeHOCmi cucmemu, Hao
AKkow npayioe. Y pobomi npedcmasneno HabIp mexHONO2il, AKI NONe2uyioms NOBHOYUKIO8Y PO3POOKY moldenel
MAWUHHO20 HABYANHA. [{0OAMKOBO PO32NAHYMO 3PYUHICMb X BUKOPUCIMAHHS 8 3ANeHCHOCTI 8i0 KOHKPEMHUX 3a80dHb.
Icnye baecamo mexnonociu 013 peanizayii maxozo npoyecy, npuiomy AWS SageMaker eudinsemuvcs ceped Hau3pyuHiuux
MexXHON02il, WO NPONOHYE NOGHUL CHEKMP MONCIUBOCMEU 8 PAMKAX 0OHO20 XMAPHO20 cepeicy - 6i0 po3pobKu 00
DO320pMAaHHSL.

Introduction.

The traditional approach to developing a neural network typically involves a developer
working on a local computer, utilizing programming languages (for example, Python) and additional
packages (for example, TensorFlow) to design the neural network. This process is usually preceded
by data collection, with the data then being split into training and testing sets. Subsequently, the neural
network undergoes training and testing, yielding certain results. Traditionally, the outcomes of a
specialist's work were the actual results — a form of classification or other data-related work,
enabling analytical conclusions. In today's context, computational capabilities enable a more
comprehensive approach to implementing neural networks, making them part of a larger data
pipeline, possibly consisting of multiple such neural networks. With the advancement of web
technologies, neural networks often take the form of web services integrated into a distributed system
that utilizes another web service. Examples of this can be observed widely, with the most common
being recommendation systems based on neural networks, utilized by almost all well-known e-
commerce platforms or other internet services involved in content ranking.

When it comes to industrial applications of neural networks, it becomes evident that merely
running them on a local computer is not a rational use of resources. As demand for this software
product increases, engineers face challenges related to automation, deployment, and overall support
of machine learning models, particularly neural networks. This mirrors the evolution seen in other
software products — desktop, mobile, and web applications — written in various programming
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languages. There are several paradigms that enable the establishment of a complete cycle for the
development of machine learning models, and one of them is AutoML [1].

AutoML is a set of technologies and methods aimed at automating the process of developing
machine learning models. Thanks to this technology, model development becomes more accessible,
and the development process is significantly accelerated. AutoML allows for the automatic selection
of models, hyperparameter tuning, and model evaluation. Such automation indeed speeds up the
development process. However, this approach has several drawbacks - the automation of
development itself leads to a limited choice of algorithms, complexities in integration with other
systems, and possible errors in data processing. These drawbacks are evident for any approach that
makes development more accessible and consequently less flexible. Moreover, the main problem
with AutoML is in other thing. Although automation and efficiency are among its main selling points,
this process still requires a surprising level of human involvement [2].

Another approach to machine learning model development is known as MLOps [3]. This
approach encompasses the entire lifecycle of models, including development, testing, deployment,
monitoring, and model updates. Its primary goal is to ensure efficient deployment, scalability, and
management of machine learning models in production with minimal risks and maximum efficiency.
Unlike AutoML, MLOps does not involve automated algorithm selection. Instead, it focuses on
automating other processes such as deployment, model testing, and more.

The main advantage of this approach is that the individual creating machine learning models
is not involved in configuration and other tasks unrelated to machine learning directly. To achieve
this, the entire development cycle is divided into several parts, each of which is targeted for
automation.

All these software products require certain processes and technologies that, broadly speaking,
ensure continuous and deterministic delivery, update, and integration of different software products.
This approach is known as DevOps [4]. DevOps, a portmanteau of "development™ and "operations,"
is a software development method that extends the agile philosophy to rapidly produce software
products and services and to improve operations performance and quality assurance.

If this philosophy and approach are applicable to software products such as web applications and
mobile apps, it is logical to assume that the same holds true for the process of creating neural networks
in general and machine learning in particular. This leads to the following tasks:

1. Define the fundamental flow of creating a neural network.

2. ldentify the key logical points of this flow.

3. Identify various technological approaches that can be used.

4. Determine which of these approaches is best suited for a specific task.

The purpose of the work is to explore alternative to classical approaches like AutoML to the
development of machine learning models, specifically focusing on MLOps. The article aims to
provide insights into the advantages, drawbacks, and implications of these approaches in the context
of neural network development.

In this case, we will consider a specific task: receiving a certain number of images, from which a
3D model is generated using a neural network. For this purpose, the 3D Recurrent Reconstruction
Neural Network (3D-R2N2) is employed. This model uses recurrent layers for the step-by-step
generation of 3D models from multiple 2D images [5].

Neural Network Development Flow

Let's outline the entire process flow of creating a neural network. The entire flow can be
divided into three main stages — Design, Development, Deployment (see Figure 1).
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Development Deployment

Figure 1. Three phases - Design, Development, Deployment

The first stage is pre-processing. Here, we articulate the problem and specify how it will be
addressed through machine learning. Additionally, we establish key metrics to monitor the machine
learning lifecycle. This stage also involves the collection of data necessary for the machine learning
model.

Ultimately, the preparatory stage includes the following points:

1. context of the problem;

2. business/technical requirements;

3. key metrics;

4. data processing.

Context of the problem — the team should articulate the task and how the machine learning model
will solve this problem.

Business/technical requirements, especially in the design phase, it is critical to consider the end
user of the machine learning model, how well this model will meet business needs. Depending on the
problem we are trying to solve, there could also be compliance and regulatory requirements for the
usage of machine learning. For instance, in finance, when the law requires an explanation from the
system. It is also important to consider technical requirements, such as the size of input data, defining
conditions for the completion of the training process (e.g., achieving a certain accuracy on the
validation dataset). Specifications for computational resources on the servers where training will take
place are also important, including GPU or CPU performance, memory size, etc. The architecture of
the neural network is also formulated at this stage.

Talking about key metrics, we need to see if the machine learning lifecycle progresses as
expected, it is often wise to track the performance of the model. The data scientist looks at the
accuracy of a model, how many times the algorithm is correct.

At the Data Processing stage, it is crucial to define the concept of data quality in a broad sense.
Data Quality refers to both the characteristics associated with data, and the processes used to measure
or improve the quality of data [6]. Data quality can be defined along four main dimensions, namely
accuracy, completeness, consistency, and timeliness [7]. Accuracy describes the extent to which data
is accurate or correct for the task at hand. Completeness is about to what extent the data fully describes
the problem at hand. Timeliness is about in what time frame the data will be readily available.

In the development phase, we focus on developing the machine learning model. We do this by
experimenting with a combination of data, algorithms, and hyperparameters in line with the
implementation design. During the experiment, we train and evaluate one or more models in order to
find the most suitable one. The goal of the development phase is to end up with the most suitable
machine learning model that is ready for deployment.

In the end, the development stage includes processes such as:

- feature engineering;

- experiment tracking;

- model training & evaluation.

Feature engineering is the process of selecting, manipulating, and transforming raw data into
features [8]. Feature is a variable. A feature store, as the name says, is a tool for storing commonly
used features or variables relevant to the machine learning model. The feature store is the central
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place where features can be managed. Using a feature store, a data scientist can find the appropriate
features for their project, define new features, and use the features for training the model.

Part of machine learning model development is performing machine learning experiments. In a
machine learning experiment, we train and evaluate multiple machine learning models to find the best
one. As in any experiment, we test different configurations to see what works best.

During machine learning experiments, we can configure different machine learning models, for
example, linear regression or deep neural networks. We can alter the model hyperparameters, like the
number of layers in a neural network. We could use different versions of the data and different scripts
to run the experiment. We can also use different environment configuration files per experiment, like
what version of Python or R are used and what libraries. When altering each of these factors during
experiments, the amount of different configurations can become huge. Each experiment also has a
different outcome. This is why it is a good idea to track the configurations and the results of each
experiment. Once the machine learning model is developed, we need to move the machine learning
model into the production environment. In the production environment, the machine learning model
will make predictions based on actual, incoming data.

In the deployment phase, we integrate the machine learning model we developed earlier into the
business process. This might involve building a microservice from the machine learning model. A
microservice is a small application that includes the machine learning model such that we can easily
integrate it into the business process. We also aim to set up monitoring of the machine learning model.
We can set up alerts when we encounter data drift or when our model does not output a prediction
anymore. Data drift occurs when our data changes, which impacts the machine learning model. We'll
look at these concepts in greater detail later in the course, where we'll walk through the different
components of each phase.

Indeed, the deployment stage of machine learning model encompasses processes such as:

1. deploying the model in production;

2. monitoring the performance.

The implementation of each step

A diverse set of technologies is employed to implement each step in the machine learning model
creation and deployment flow. For data processing, there are two primary paradigms: ETL (Extract,
Transform, Load) and ELT (Extract, Load, Transform). In practice, this involves several Python
scripts responsible for extracting and transforming data, along with a distributed file system where
these data are stored (see Figure 2).
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Ve '/i*\\‘l ETransform
\ & /| Extract P Extract _ .
— [~ -
CAB G‘ A Load
\\?H,,,/ Distributed Analytical
YN Python File System(s3) Data Base
‘\. .4 ) CLI Tool (Snowflake)

Sources
Figure 2. Architecture of ETL data processing
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To implement a Feature Store, various technologies can be utilized, broadly categorized into
two groups—some integrated into cloud infrastructure, while others exist as standalone software
products. In the latter category, frameworks like Feast or Apache Hudi find prominence. In the
former, Amazon SageMaker Feature Store, integrated with Amazon SageMaker [9], stands out. The
advantage of this approach lies in its visualization capabilities (see Figure 3) and user-friendly nature,
streamlining configuration processes.

example-feature-group Delete feature grovp

sm-fs-fe-transformation-code

RS Ry
ganple-feature-
#34¥mation-code

(r&!‘ -RIqeessor-

Figure 3. Example of visualization SageMaker feature store

For experiment tracking, the situation remains the same—either a standalone solution or a
cloud-based one. The most popular tool for experiment tracking that is not part of the cloud is MIFlow
(see Figure 4).

MLflow ?

/Shared/experiments/cryptocurrency/analysis-forecasting-1

Experiment ID: 450992 Artifact Location: dbfs:/databricks/miflow/450992

Search @ State: Active ¥

Expression:

Params: Metrics: Glear

8 matching runs Delete DownloadCSV&, = E|

Parame tric:

Date User Run Name Source Version Tags param-ps param-gs metric
2019-07-13 08:20:35 hafidzz arima_param [ cryptocurrency-price-forecasting-after 2 2 219.8
2019-07-13 08:20:34 hafidzz arima_param [3 cryptocurrency-price-forecasting-after 1 2 -221.7
2019-07-13 08:20:33 hafidzz arima_param [3 cryptocurrency-price-forecasting-after 0 2 -223.2
2019-07-13 08:20:32 hafidzz arima_param [3 cryptocurrency-price-forecasting-after 2 1 -221.2
2019-07-13 08:20:32 hafidzz arima_param 3 cryptocurrency-price-forecasting-after 1 1 -223.2
2019-07-13 08:20:31 hafidzz arima_param [® cryptocurrency-price-forecasting-after 0 1 225.1
2019-07-13 08:20:30 hafidzz arima_param 3 cryptocurrency-price-forecasting-after rd 0 -222.9
2019-07-13 08:20:30 hafidzz arima_param [ cryptocurrency-price-forecasting-after 1 0 2247

Figure 4. Example of interface MIFlow for experiment tracking

One popular cloud solution for this is SageMaker Experiments.

For model training and evaluation, two main Python frameworks are commonly used:
TensorFlow and PyTorch.

There are various approaches to deploy machine learning models. Frameworks like
TensorFlow or PyTorch often save machine learning models in files with extensions such as ".h5" or
".pb". A popular deployment solution involves wrapping the model in a Python framework that
provides access to the model (via the file with the required extension). Web frameworks such as Flask
or Django are typically used for this purpose. Subsequently, this application is deployed on a server,
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functioning as a regular web application. Thus, the deployed machine learning model takes the form
of a web service, accessible through some interface, often a REST API, allowing data to be passed to
the model and obtaining results in return.

Other deployment methods exist, particularly with the use of cloud technologies. Consider
AWS SageMaker as an example. If a file of type "h5" is available, it can be registered in the
SageMaker Model Registry and deployed to a SageMaker Endpoint. The advantage of this approach
is that there is no need to create a Flask application wrapper independently (see Figure 5).

Router

Amazon CloudWatch

Amazon SageMaker D D D
Inference

Amazon CloudWatch
Alarm

Figure 5. Architecture of SageMaker Endpoint

The outcome of this process will be an endpoint, providing access to the machine learning
model. An additional benefit is that, under this approach, model monitoring becomes immediately
available. In contrast, when employing a self-authored web wrapper with Flask, monitoring needs to
be addressed separately. In SageMaker, this aspect is handled by another AWS service known as
Amazon CloudWatch.

Best way

Hence, it is evident that for industrial development and the utilization of machine learning
models, a myriad of diverse technologies can be employed. One may choose to develop and train a
model on a local machine using MIFlow, tracking experiments there and utilizing Feast as a Feature
Store. Subsequently, an interface for this model can be developed using Flask. Alternatively, machine
learning model development can occur on a server, followed by deployment using SageMaker
Endpoint. Moreover, deployment activities can be carried out manually or through Continuous
Delivery (CD), which involves automated delivery and deployment. Various technologies, such as
Jenkins, GitHub Actions, etc., can facilitate this process. The foundation of this continuous delivery
will entail just a few command-line instructions (see Listing 1).

aws sagemaker create-model --model-name YourModelName

aws sagemaker create-model-version --model-name YourModelName --model-package-
arn arn:aws:sagemaker:region:account-id:model-package/model-name/1.0.0

aws sagemaker create-endpoint --endpoint-name YourEndpointName --config-name
YourEndpointConfig
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Listing 1: Registration and deploying model in SageMaker
However, how can one determine the most appropriate approach in a given situation? It can
be definitively asserted that in industrial development, adhering to the DevOps philosophy,
minimizing manual interventions is imperative — the majority of the workflow should be automated.
Such a DevOps approach applied to machine learning model development is referred to as MIOps.
Based on this, MIOps maturity levels can be formulated (see Figure 6).

Level ] Level 2 Level 3

Automated development

(CI) Full automation

Automation Manual processes

Distinction machine SONCIOIGRIC T SRkID

Collaboration x : handover from Close collaboration
learning and operations development
Development tracking
Monitoring No monitoring (experiments, feature Full monitoring

store)

Figure 6. Level of MIOps maturity

Here, it is evident that irrespective of technologies, the benchmark is complete automation
and monitoring. One of the most effective means to achieve this outcome is through a continuous,
evolving, and automated infrastructure, leveraging cloud technologies. Among the good solutions
within the AWS environment is AWS SageMaker, comprising several components. It enables the
deployment of infrastructure, even for the development of machine learning models, based on another
AWS service - EC2. For the "user" of such infrastructure, i.e., the data scientist, the interface is
familiar - a Jupyter Notebook with a web interface and the required packages installed, such as
Tensorflow, numpy, pandas, etc. Following development, the model can be automatically saved and
logged, subsequently deployed with its endpoint. Additionally, the advantages of this approach
include simplified integration with other AWS services, such as the distributed file system S3, where
both input and output data can be stored. This approach streamlines the work of the machine learning
model developer, eliminating the need to concern themselves with configurations and settings; they
can focus solely on model development.

Beyond SageMaker, there are alternative methods to achieve similar outcomes. For instance,
MIFlow facilitates the complete cycle of machine learning model development, but it comes with its
limitations. Firstly, MIFlow lacks a built-in feature store, and secondly, the issue of file storage arises,
requiring the separate provisioning of a distributed file system, either within Hadoop or utilizing other
technologies, which necessitates additional time for configuration.

CONCLUSIONS
There are numerous ways to approach the full cycle development of machine learning models.
Frameworks such as TensorFlow or PyTorch do not encompass the entire scope of machine learning
model development; there are many steps before and after that require implementation, configuration,
and deployment. The primary method to determine the suitability of a particular approach for a task
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is the time required by a machine learning development specialist for manual tuning, configuration,
and deployment. The more automated the entire process, the more efficient and faster the application
of machine learning models on an industrial scale will be. MIOps way of creating machine learning
model enables the automation of configuration management, thus expediting the development
process. Cloud services such as AWS SageMaker good in addressing this challenge.
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FLEXIBLE MANUFACTURING SYSTEMS: HGNN-MARL STRATEGY

Abstract: The work considers the integration of intelligent control technologies in production, quality control
and maintenance planning in the conditions of growing industrial automation. It highlights the lack of unified research
in these areas and proposes a holistic control strategy to improve production efficiency and quality control. Anticipating
the transition to flexible manufacturing systems (FMS), the paper advocates a multidisciplinary, robot-driven FMS. The
complexity lies in managing jobs with different skills, tools and dealing with problems such as tool wear, aging and
failures, which requires a combined management strategy. This work extends an integrated control strategy to FMS using
heterogeneous graph structure, heterogeneous graph neural network (HGNN) and multi-agent reinforcement learning
(MARL) for coordinated control. Contributions include unified modeling, information aggregation using HGNNs, and
problem formulation in a Decentralized Partially Observable Markov Decision Process (Dec-POMDP).

Anomauin: Y pobomi pozensioacmocs inmezpayisi iHMeieKmyaibHUX MexHoL02it YAPAGIIHHA Y 6UPOOHUYMEO,
KOHMPOTIb AKOCME MA NAAHYBAHHS MEXHIYH020 00CTY208)8AHHS 8 YMOBAX 3DOCMAIOY0i NPOMUCL060i agmomamu3ayii. Bin
RIOKpecatoe GIOCYMHICMb €OUHUX OOCHIONCEHb V YUX 001acmsax i NPONOHYE CMpAamezilo YiliCHO20 KOHMPOO O
niosuujents egpekmusHocmi UPOOHUYMEA Ma KOHmMpoto sakocmi. Ouikyouu nepexio 00 eHyYKuUxX GUPOOHUYUX CUCmeM
(FMS), ookymenm eucmynac 3a mynvmuoucyuniinapuy FMS, keposany pobomamu. Ckraonicme noiseac 8 ynpasninHi
pobomamu 3 pisHUMU HABUYKAMU, IHCIPYMEHmamyu ma 8UPiuenHi makux npoonem, K 3HOC IHCIMPYMeHmi8, CIAapiHHs
ma nONOMKU, WO eumazac KomOiHO8aHoi cmpameeii ynpaegninus. Lla poboma poswuproe inmezpogany cmpameziro
Kepygsantns na FMS, suxopucmosyiouu cemepozenny epagosy cmpyKmypy, 2emepozeHny 2papogy HetupoHHy mepexicy
(HGNN) i 6acamoacenmue nHasuanus 3 niokpiniennam (MARL) ons koopounosanoco Kepysanus. Buecku exniouaroms
yHiiKosane Mmoodeniosanns, azpezayiio iHgopmayii 3a oonomoeoro HGNN i gopmymosanns npobremu 6
0eyenmpaniz08aHoOMy YACMKOBO CROCIEPENCYBAHOMY MAPKOECbKOMY npoyeci npuiinamms piuens (Dec-POMDP).

As industries undergo increasing automation, various aspects of the plant floor are integrating
smart control technologies. Production system control, quality control, and real-time maintenance
scheduling stand out as pivotal domains heavily influenced by automation. The literature on these
subjects reflects a significant surge in the exploration of smart manufacturing, leveraging cutting-
edge technologies such as image recognition, advanced robotics, and machine learning (ML). Despite
this, there has been a limited number of studies comprehensively addressing all three areas within a
unified smart control strategy. Given the inherent interconnectedness of each facet in the
manufacturing system, the overall system's performance hinges on a consolidated control approach.
Therefore, this paper adopts a holistic perspective on the manufacturing system and devises a control
strategy to effectively manage the system's operation and maintenance. The goal is to achieve
heightened production efficiency and quality control in the output.

Anticipating the imminent future of industry as Flexible Manufacturing Systems (FMS), the
focus is on the adoption of a multi-skilled robot-operated FMS as the manufacturing system of
interest. This system offers a notable advantage by not only embodying an FMS capable of adapting
to sudden changes but also being transformable into a conventional serial manufacturing system.
Consequently, it represents a diverse array of production systems. The system comprises multi-skilled
robots, mobile entities equipped with quick-change end effectors enabling them to execute all tasks
within the designated system. These robots operate in specific areas of the manufacturing system
known as workstations, each representing distinct tasks that must be accomplished before the final
part is retrieved from the end-of-line workstation.

Given the multi-skilled nature of robots, it is assumed they come equipped with various tools
suitable for different workstations. Over time, these tools experience wear, and the robots themselves
undergo degradation. Additionally, random events like human intervention or workstation/conveyor
issues can introduce unforeseen disruptions in the system, each with the potential to significantly
impact production performance. Aging-related robot downtime or random disruptions can result in
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production losses, while tool wear may lead to the production of defective parts. Consequently, the
combined control of robot assignment and maintenance scheduling becomes paramount.

The complexity of controlling such a system lies in the existence of multiple solutions, each
with its own set of advantages and disadvantages. Aging-related robot downtime can be mitigated
through preventive maintenance (PM), albeit at the cost of downtime. PM, with multiple levels, might
extend the robot's lifespan at the expense of more time invested. To address tool wear, assigning
robots to different workstations proves effective, yet this may necessitate tool changes, resulting in
additional downtime. Exploring further possibilities, random disruption events could potentially offer
opportunities for maintenance without extra production loss. Performing maintenance on multiple
robots simultaneously might be a viable strategy. Amidst these maintenance decisions, effective
coordination of robots is crucial for enhanced productivity and superior product quality.

Both multi-robot assignment and maintenance scheduling in a manufacturing system pose
non-trivial challenges. Integrating these two challenges into a unified control strategy is even more
daunting, necessitating the utilization of innovative and state-of-the-art control methods. Building on
prior work, where an integrated machine-process-system control for a serial manufacturing system
was developed using a homogeneous Graph Neural Network (GNN) structure and a Multi-Agent
Reinforcement Learning (MARL) framework, this paper extends the combined control strategy to a
Flexible Manufacturing System (FMS). It incorporates the critical aspect of maintenance scheduling.
As robots are dynamically assigned to workstations in real-time, the changing graph structure leads
to feature vectors of varying lengths in homogeneous graph neural networks. To address this, a
method is proposed to model the system as a heterogeneous graph and employ a Heterogeneous Graph
Neural Network (HGNN) to capture features of connected elements. HGNN operates on different
types of node elements in a heterogeneous graph, facilitating multi-level information exchange for
systems with diverse elements like robots, gantries, and workstations. Combined with MARL, this
model enables a more knowledge-guided and coordinated control of the system, aligning with the
primary objective of this paper.

The main contributions of this work encompass the following: (1) Integration of robot
assignment, product quality, and maintenance scheduling into one unified model utilizing the
heterogeneous graph structure. (2) Utilization of Heterogeneous Graph Neural Network (HGNN) for
efficient information aggregation from the graph into node embeddings, facilitating a knowledge-
guided control strategy. (3) Formulation of an integrated robot assignment and maintenance
scheduling problem within the Decentralized Partially Observable Markov Decision Process (Dec-
POMDP) framework, employing node embeddings as observations. The problem is subsequently
addressed through Multi-Agent Reinforcement Learning (MARL), and the performance of the
learned policy is compared against other policies.

In the evolving landscape of smart manufacturing, spurred by the advent of Industry 4.0 and
the recent emergence of Industry 5.0, there is a surge in new literature. Research on innovative smart
manufacturing systems is on the rise, driven by the demand for increased efficiency, adaptability, and
sustainability in manufacturing. This surge is largely attributed to technological advances in Machine
Learning, Robotics, Cloud Computing, and blockchain technology, among others.

A manufacturing system, as a stochastic dynamic system subject to random disruption events,
poses significant complexity due to its highly non-linear nature. Finding a closed-form representation
for such a multi-stage manufacturing system is virtually impossible. However, akin to any system,
the production dynamics depend on the system state, control input, and external disturbances.

Various metrics, such as system throughput, system yield, and Permanent Production Loss
(PPL), exist to gauge system performance. The metric choice depends on the analysis purpose. In this
case, focusing on real-time control to enhance overall system efficiency requires a metric that
communicates real-time performance. PPL proves effective for this purpose, as demonstrated in
previous works.

In an ideal clean case, the control strategy is straightforward—robots are assigned in the ideal
clean configuration. However, the system under consideration is subject to multiple disruption events
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due to robot age and random disruptions. Control actions, like maintenance scheduling and robot
assignment, can also trigger disruption events, as evident from the concept of effective disruption
events. Thus, effective downtime is intricately linked to control input, making it a challenging aspect
of the control strategy.

In this paper, a model of a multi-skilled robot-operated Flexible Manufacturing System (FMS)
is developed using a heterogeneous graph structure, considering robot assignment, robot
maintenance, and product quality. This model forms the basis for formulating an integrated real-time
control problem within the Dec-POMDP framework. Information aggregation using HGNN and
training using MARL are employed to achieve coordinated decision-making among the robots.
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LSTM FOR ELECTRIC ARC FURNACE MODELING

Abstract: This study explores innovative models for electric arc furnaces (EAFs) in steel production, proposing
a novel approach by integrating Long Short-Term Memory (LSTM) networks, a subset of deep learning. Addressing
challenges in traditional methods, the research focuses on the dynamic and unpredictable nature of electric arcs,
presenting LSTM networks as a solution. Utilizing datasets from different EAF stages, with emphasis on the melting
phase's impact on power quality, the study employs LSTM networks to generate realizations of the stochastic process
governing changes in arc equation coefficients. Another LSTM network simulates high-frequency components of voltage
signals. Simulation results demonstrate the models' efficacy in capturing arc behavior, showcasing their potential for
power system simulation. The adoption of neural networks, particularly LSTM, simplifies the modeling process and offers
universality compared to existing methodologies. This research contributes to Industry 4.0 by incorporating advanced
neural network techniques, ensuring transparency and trust in decision-making processes. As industries move towards
intelligent systems, the exploration of diverse neural network architectures promises insights for optimizing complex
industrial systems. This study signifies a crucial step in harnessing neural networks to enhance the resilience,
sustainability, and efficiency of industrial processes.

Anomauin: Y yvomy 00cniodxcenui 00CHiOHNCYyIOmvbes iHHO8ayiuHi Modeni o5 enekmpooyeosux neueti (E[I) y
BUPOOHUYMBT CIMATT, NPONOHYEMbCA HOBUNL NIOXIO WLIAXOM IHme2payii Mepesc 00820mpusanoi KOPOMKOUACHOT nam 'ami
(LSTM), niomuosrcuru enubokoeo nasuanta. Bupiwyrouu npobremu mpaduyiiinux memoois, 00Ci0HCeHHs 30CePe0HCEHO
Ha OuHamiunitl i Henepedbauysamiti npupodi erekmpuuyHux odye, npeocmagnsiouu mepedxci LSTM sx piwennus.
Bukxopucmosyiouu nabopu oanux 3 pisnux emanie EAF, 3 axyewmom na éniué gasu niaeienHs Ha AKICMb
enekmpoenepeii, 0ocniodicenns sukopucmogye mepedici LSTM ons cmeopenns peanizayiti CmoxacmuiHo2o npoyecy, uo
Kepye 3minamu 8 koe@iyienmax pisHsnus oyeu. Inwa mepesca LSTM imimye eucoxouacmomui CKIa008i CUSHALI8
Hanpyeu. Pesynomamu mo0enosants OeMOHCMPYIOMb eQeKmueHicms Mmooelell y 8i000padceHHi Nnoeedinku oyeu,
oeMoHCmpYyIouU iXHIl NOMEHYIAN 015 MOOENI0B8AHHS eHep2oCUCmeMu. 3acmocy8anHs HeuUpoHHux mepedic, 3okpema LSTM,
CHpOWYE npoyec MOOeno8aHHs ma 3a0e3neuye YHIBepCanibHicmy HOPIGHAHO 3 ICHYIOYUMU Memoldonoismu. Lle
docnioxcenuss podoums emecok y Inoycmpiro 4.0, euxopucmosylouu nepedogi MmMexHoI02i HeupoHHOI Mepedici,
3abe3neuyroyu npo3opicmy i 008Ipy 8 npoyecax nputiHammsi piuienv. OCKiIbKU 2any3i pyxaromscs 00 iHMeneKmyaibHux
cucmem, OOCHIOHNCEHHS PI3HOMAHIMHUX APXIMEKMYp HeUPOHHUX Mepedc 00iyse po3yMiHHA Ol ONMUMI3AYIl CKIAOHUX
npomucrosux cucmem. Lle 0ocniodcentss 03Hauae 6aHcauUS ULl KpoK y GUKOPUCIANHI HEUPOHHUX Mepedic Ol NIOBULEeHHS
cmiukocmi, cmiukocmi ma epekmugHoOCmi nNPOMUCIOBUX NPOYECTS.

Steel, as one of the most extensively used materials in the industry, faces challenges related
to limited natural resources and environmental concerns, necessitating a focus on recycling. Electric
arc furnaces (EAFSs) represent a popular method for recycling-based steel production, but they exhibit
drawbacks, notably in the application of the electric arc phenomenon for melting the furnace load.
Issues such as high power consumption and the stochastic nature of the arc can adversely impact the
power system, leading to power quality (PQ) problems like harmonics, flickering, and voltage
variations. Addressing these PQ issues requires accurate models of connected devices.

This research aims to develop precise EAF models applicable in power system simulation
software to ensure optimal operation of PQ improvement systems or EAFs. Modeling the electric arc
proves challenging due to its dynamic, nonlinear, and unpredictable nature. Various approaches in
the literature include linear piecewise functions, exponential, hybrid hyperbolic-exponential
functions, and dynamic models based on differential equations. Additionally, stochastic components
are introduced, such as hidden Markov models, Ornstein—Uhlenbeck processes, and deterministic
chaos.

While some leverage machine learning, such as artificial neural networks, to simplify arc
modeling, this research employs a deterministic equation derived from the instantaneous power
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balance, enhanced by stochastic components generated with long short-term memory (LSTM)
networks. The proposed approach eliminates the need for complex parameter identification and
showcases the potential of LSTM networks in providing a universal and accurate solution.

The research utilizes current and voltage waveforms recorded during the industrial EAF work
cycle for training, validation, and testing of LSTM networks. The application of LSTM networks is
motivated by their ability to effectively represent stochastic changes in coefficient time series,
simplifying the overall EAF modeling process.

Simulation results showcase the effectiveness of the proposed models in generating
realizations of stochastic processes and reproducing high-frequency components of voltage signals.
The LSTM-1 network generates stochastic process realizations, while the LSTM-2 network captures
high-frequency components, contributing to a comprehensive EAF model.

In conclusion, this paper introduces two EAF models based on LSTM networks, addressing
the challenges of stochastic arc behavior. The proposed models offer a promising avenue for accurate
and efficient EAF simulation, with potential applications in power system optimization and steel
production processes.

Continuing on the theme of electric arc furnace (EAF) modeling, the proposed LSTM-based
models demonstrate significant potential for addressing the challenges associated with the dynamic
and stochastic nature of the electric arc. The use of deep learning methods, specifically LSTM
networks, brings advantages in effectively capturing the stochastic changes in the time series of
coefficients, providing a more accurate representation of the complex and inherently unpredictable
behavior of the electric arc.

The application of LSTM networks is particularly advantageous in scenarios where traditional
deterministic models face limitations. The ability of LSTM networks to learn and reflect patterns in
time series data reduces the need for intricate parameter identification processes, offering a more
streamlined and efficient modeling approach. This is crucial in the context of EAFs, where power
quality issues can have substantial consequences on equipment wear, power losses, and overall
system performance.

Moreover, the two-tiered approach with LSTM-1 and LSTM-2 networks addresses different
aspects of the EAF model. LSTM-1 focuses on generating realizations of the stochastic process
describing changes in arc equation coefficients. This captures the inherent randomness in the system,
providing a more realistic representation. On the other hand, LSTM-2 is designed to generate high-
frequency components of the voltage signal, contributing to a more comprehensive model that aligns
with the actual measured waveforms.

The significance of this research extends beyond the immediate application in EAF modeling.
The success of the proposed LSTM-based models suggests a potential universal applicability of deep
learning solutions in addressing challenges related to complex and dynamic systems in various
industrial processes. The capability of LSTM networks to adapt and learn from data patterns opens
avenues for their use in optimizing not only EAFs but also other interconnected systems within the
broader industrial landscape.

The reliance on real industrial data, specifically current and voltage waveforms from different
stages of the EAF work cycle, enhances the practical relevance of the developed models. The focus
on the melting stage, known for its adverse impact on power quality, underscores the models'
applicability in addressing critical operational challenges in steel production.
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In conclusion, the integration of LSTM networks into EAF modeling represents a novel and
promising approach, showcasing the potential of deep learning methods in enhancing the accuracy
and efficiency of simulations. As industries continue to embrace digital transformation and advanced
technologies, the presented models contribute to the growing body of knowledge on leveraging
artificial intelligence for optimizing complex industrial processes. Further research and applications
in this direction are expected to yield valuable insights and innovations for the sustainable and
efficient operation of industrial systems.

Expanding further on the trajectory of neural networks in the context of industrial applications,
particularly focusing on electric arc furnace (EAF) modeling, it's essential to acknowledge the broader
implications of leveraging advanced machine learning techniques. Neural networks, and more
specifically deep learning architectures like Long Short-Term Memory (LSTM) networks, present a
paradigm shift in how we approach and comprehend complex and dynamic systems.

The success of LSTM networks in capturing the stochastic behavior of the electric arc opens
up avenues for exploring other neural network architectures and methodologies. One notable aspect
is the potential integration of convolutional neural networks (CNNs) in conjunction with LSTMs.
CNNs are adept at capturing spatial patterns in data, and when combined with the temporal learning
capabilities of LSTMs, they could offer a more comprehensive understanding of the intricate
dynamics within industrial processes.

Additionally, the application of neural networks extends beyond mere modeling; it can be
instrumental in predictive maintenance strategies. By training neural networks on historical data, it
becomes feasible to predict potential equipment failures or deviations from optimal operating
conditions. This proactive approach to maintenance not only enhances the longevity of machinery
but also contributes to the overall efficiency and reliability of industrial processes.

The incorporation of explainable artificial intelligence (XAIl) techniques becomes crucial in
the industrial context. Understanding the decisions and predictions made by neural networks is
paramount, especially when applied to critical systems. Interpretability ensures that the outcomes of
the models align with domain expertise, facilitating trust and informed decision-making.

As industries progress towards Industry 4.0 and smart manufacturing, the role of neural
networks becomes even more pivotal. The interconnectedness of various components in modern
industrial systems necessitates intelligent and adaptive models. Reinforcement learning, a branch of
machine learning where agents learn to make sequences of decisions, holds promise in optimizing
complex processes and adapting to dynamic operational conditions.

Moreover, collaborative research endeavors between academia and industry can further propel
the integration of neural networks into real-world applications. This collaborative approach allows
for the development of tailored solutions that address industry-specific challenges, fostering a
symbiotic relationship between theoretical advancements and practical implementations.

In conclusion, the journey into the realm of neural networks in industrial applications,
exemplified by the EAF modeling using LSTM networks, marks a transformative era. Embracing the
full spectrum of neural network architectures, from LSTMs to CNNs and reinforcement learning,
opens doors to unparalleled insights and optimizations in industrial processes. The continued
exploration of these methodologies, coupled with a commitment to transparency and collaboration,
promises a future where artificial intelligence becomes an indispensable tool for ensuring the
resilience, sustainability, and efficiency of industrial systems.
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In conclusion, the integration of neural networks, particularly the application of Long Short-
Term Memory (LSTM) networks in electric arc furnace (EAF) modeling, signifies a transformative
leap in understanding and optimizing industrial processes. The success of LSTM networks in
capturing the stochastic nature of the electric arc's behavior opens avenues for further exploration and
application of advanced machine learning techniques.

As industries transition towards Industry 4.0, the role of neural networks, including
convolutional neural networks (CNNs) and reinforcement learning, becomes pivotal. These
technologies not only contribute to accurate modeling but also offer prospects for predictive
maintenance, adaptive process optimization, and enhanced operational efficiency.

The collaborative synergy between academia and industry is paramount in tailoring neural
network solutions to address industry-specific challenges. Moreover, the incorporation of explainable
artificial intelligence (XAI) ensures transparency and aligns model outcomes with domain expertise,
fostering trust in critical decision-making processes.

This journey into the realm of neural networks exemplifies a paradigm shift towards
intelligent, adaptive, and interconnected industrial systems. Embracing a diverse range of neural
network architectures and methodologies promises unparalleled insights, contributing to the
resilience, sustainability, and efficiency of industrial processes.

As we advance, continued exploration and research in the field of neural networks, coupled
with a commitment to collaboration and transparency, herald a future where artificial intelligence
becomes an indispensable tool in shaping the future of industrial systems.
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ADAPTIVE TRANSFER LEARNING FOR DYNAMIC SYSTEM MODELING WITH
RECURRENT NEURAL NETWORKST

Abstract: This paper introduces a transfer learning approach to enhance the adaptability and efficiency of
Recurrent Neural Network (RNN) models for dynamical systems. The methodology begins with the identification of a
nominal RNN model using available measurements. As the system dynamics change, leading to a degradation in
performance, a correction term is introduced. This correction term is learned through Jacobian Feature Regression
(JFR), utilizing features derived from the model's Jacobian concerning its nominal parameters. Additionally, a non-
parametric extension using Recurrent Neural Tangent Kernel (RNTK-GP) for RNNs is proposed. Implementation details
for the computation of the correction term and initial state estimation are discussed. Numerical examples demonstrate
the efficacy of the methodology in handling significant system variations.

Anomauin: Y yvomy OOKymMeHmi npeocmagieHo nioXi0 00 HABYAHHA 3 NEPEHeCeHHAM O NIOSUUeHHs
aoanmusHocmi ma eghekmugHocmi mooenell peKypeHmHoi HelponHoi mepedci (RNN) ona OunamiuHux cucmem.
Memooonoeiss nouunaemocs 3 idenmugpikayii HominanoHoi moodeni RNN 3a 0onomozoio 0ocmynHux Gumipiosatb.
Ockinbky OuHamixa cucmemu 3MIHIOEMbCS, WO NPU3B0OUMs 00 NOZIPUIEHHS NPOOYKMUBHOCHI, B800UMbC MEPMIH
xopexyii. Lleti mepmin Kopexyii guguacmucs 3a 0onomozor pezpecii oznax Axobiana (JFR), suxopucmosyrouu o3uaxu,
ompumani 3 skobiana mooeni wodo ii HOMIHaNbHUX napamempie. Kpim mozo, nponowyemvcsi HenapamempuyHe
POSUWUPEHHS 3 BUKOPUCTIAHHAM PEKYPPEHMHO020 HelipoHHo20 domuunozo aopa (RNTK-GP) ona RNN. Obeoeopiotombcs
Oemani peanizayii 0ns PpPO3PAXYHKY MEPMIHYy KOpexyii ma oyiHku novamxogozco cmauy. Yucnosi npuxnaou
0eMOHCMPYIOMb eheKMUBHICMb Memo00102ii 8 00pOOYI 3HAYHUX 3MIH CUCTHEMUL.

In the realm of Deep Learning (DL), intricate model structures are constructed using simple
linear/non-linear building blocks, and model learning leverages gradient-based optimization and
Automatic Differentiation (AD). While DL-based models for System Identification (SI) exhibit
excellent performance on benchmarks, real-world systems often undergo dynamic variations. This
paper addresses the challenge of adapting DL-based dynamical models over time, presenting a
methodology inspired by transfer learning.

Several research contributions in DL for SI have adapted existing architectures to SI needs or
introduced specialized model structures. DL models for SI have proven effective in standard
benchmarks, yet adapting them to changing system dynamics remains an open challenge. Traditional
model adaptation techniques in the systems and control field involve joint estimation of states and
model parameters using stochastic descriptions and filtering techniques.

The proposed approach computes a local linear correction of the model dynamics by utilizing
Jacobian features obtained through recursive operations. It extends transfer learning literature to
dynamical systems modeled as RNNSs, introduces an approach for initializing the RNN state based on
past data, and provides a non-parametric view using RNTK-GP in a Gaussian Process framework.

The paper is organized to formulate the problem, present nominal model training, address
RNN initial state estimation, and detail the proposed transfer learning approach. Efficient
implementation aspects are discussed, including computational and memory costs. Numerical
examples from chemical and electrical domains showcase the methodology's effectiveness in
handling dynamic variations. The approach contributes to the evolving intersection of DL and SI,
demonstrating potential applications in adaptive modeling for changing system dynamics.

Continuing in the same vein, the proposed transfer learning approach addresses a critical
aspect of real-world systems—dynamic variations over time. The conventional practice of retraining
a model from scratch in the face of system perturbations can be computationally expensive and data-
intensive. In contrast, the introduced methodology leverages the existing knowledge captured in the
nominal model and efficiently adapts it to the changing system dynamics.
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The methodology's efficiency is particularly highlighted in scenarios where computational
resources are constrained or only limited data points are available for adaptation. This is crucial in
practical applications where continuous monitoring and adaptation to dynamic changes are essential
for maintaining model accuracy.

The emphasis on the non-parametric view, incorporating Recurrent Neural Tangent Kernel
(RNTK-GP), introduces a valuable perspective. This extension aligns with the current trend of
exploring the intersection between neural networks and Gaussian Processes. The use of RNTK-GP
enhances the adaptability of the methodology, showcasing its versatility across different domains and
system complexities.

Moreover, the consideration of efficient initialization for the RNN state further contributes to
the methodology's practical applicability. Accurate initialization becomes pivotal, especially in
applications like Model Predictive Control, where capturing accurate transient predictions is crucial
for effective system control.

The numerical examples presented in the paper provide concrete evidence of the
methodology's effectiveness in handling significant system variations. These examples, drawn from
chemical and electrical domains, serve as practical validations of the proposed approach's utility in
real-world scenarios.

Looking ahead, the methodology opens avenues for further exploration, especially in refining
its application to diverse system types and expanding its capabilities. Future research could delve into
the integration of this approach with other adaptive modeling techniques or explore its potential in
online learning scenarios where systems continuously evolve.

In conclusion, the presented transfer learning approach represents a significant stride in
addressing the challenge of adapting deep learning-based models to dynamic system changes. Its
computational efficiency, adaptability to limited data scenarios, and demonstrated effectiveness in
numerical examples position it as a promising methodology with practical implications for a wide
range of applications in dynamic system modeling and control.

Building on the foundation laid by the transfer learning approach, it is essential to underscore
its broader implications and potential contributions to the fields of deep learning and system
identification. The adaptability demonstrated by the methodology aligns with the evolving landscape
of artificial intelligence and underscores its relevance in addressing challenges beyond static
modeling.

The methodology's efficient handling of dynamic variations introduces a valuable paradigm
for continuous learning in complex systems. This aspect becomes particularly crucial in applications
where systems encounter diverse external conditions, aging, or other evolving factors. The ability to
adapt without exhaustive retraining positions the approach as a viable solution for real-time
applications, where responsiveness to changing conditions is paramount.

One notable aspect is the extension to the non-parametric view through the incorporation of
Recurrent Neural Tangent Kernel (RNTK-GP). This not only enhances the methodology's flexibility
but also opens avenues for exploring synergies between neural networks and Gaussian Processes in
a recurrent setting. The implications of this extension go beyond the presented examples, paving the
way for more sophisticated applications in diverse scientific and engineering domains.

Efficient initialization of the Recurrent Neural Network (RNN) state adds a practical
dimension to the methodology. The accurate initialization of the state variable is often a critical factor
in achieving reliable predictions, particularly in scenarios where early-time behavior significantly
influences subsequent system dynamics. This aspect enhances the methodology's utility in
applications that demand precise transient responses.

The numerical examples drawn from chemical and electrical domains serve as compelling
illustrations of the methodology's real-world effectiveness. However, future research could explore
its application across a broader spectrum of domains, including but not limited to biological systems,
environmental modeling, and industrial processes. The generalizability of the approach to diverse
system types remains an exciting avenue for exploration.
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As the methodology continues to demonstrate its merit, it prompts considerations for
integration into broader frameworks of adaptive modeling. Exploring how it synergizes with other
adaptive techniques or ensemble learning approaches could yield insights into its scalability and
potential in handling complex, multifaceted systems.

In conclusion, the transfer learning approach presented in this paper transcends its immediate
applications and resonates with the overarching theme of continuous learning and adaptation in the
realm of artificial intelligence. Its efficiency, adaptability, and demonstrated effectiveness mark it as
a valuable addition to the toolkit of practitioners and researchers working at the intersection of deep
learning and dynamic system modeling.

In conclusion, the transfer learning approach introduced in this paper represents a significant
advancement in the realm of dynamic system modeling using deep learning techniques. The
methodology's key strengths lie in its adaptability to changing system dynamics, computational
efficiency, and applicability to scenarios with limited data.

The efficient adaptation of Recurrent Neural Network (RNN) models through transfer
learning showcases a pragmatic solution to the challenge of continuous learning in real-world
systems. By leveraging the knowledge captured in a nominal model and incorporating an additive
correction term, the methodology mitigates the need for exhaustive retraining when the system
undergoes perturbations.

The extension to a non-parametric view, incorporating Recurrent Neural Tangent Kernel
(RNTK-GP), enhances the methodology's flexibility and opens avenues for exploring the synergy
between neural networks and Gaussian Processes in recurrent settings. This not only broadens its
applicability but also positions it at the forefront of research exploring novel intersections in deep
learning.

The consideration of efficient initialization for the RNN state further enhances the
methodology's practical utility, particularly in applications where capturing accurate transient
responses is crucial. The demonstrated effectiveness of the approach in numerical examples from
chemical and electrical domains validates its real-world applicability.

Looking forward, the methodology holds promise for further exploration across diverse
domains, including biological systems, environmental modeling, and industrial processes. Its
generalizability to different system types and its potential integration with other adaptive modeling
techniques present exciting avenues for future research.

In summary, the transfer learning approach emerges as a valuable tool for practitioners and
researchers engaged in dynamic system modeling. Its ability to adapt to evolving conditions, coupled
with computational efficiency, positions it as a practical and impactful contribution to the evolving
landscape of deep learning applications in dynamic systems.
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NEURAL NETWORK-DRIVEN MULTILINGUAL CODE COMMENT
CLASSIFICATION

Abstract: This research explores the integration of neural networks into code commenting systems, aiming to
enhance the efficiency and effectiveness of software documentation. Leveraging machine learning techniques,
particularly neural networks, for code comment generation presents a promising avenue for automating and improving
the quality of comments. The study delves into the training of neural models on multilingual datasets, considering both
English and Serbian, and evaluates their performance across various programming languages. Additionally, the research
addresses the classification of code comments, introducing a new taxonomy that accommodates different programming
paradigms and languages. The proposed neural models demonstrate notable potential in enhancing code comprehension,
supporting collaborative development efforts, and streamlining the documentation process. The findings underscore the
significance of ongoing research in advancing the application of neural networks in code commenting for the benefit of
software developers and the overall software engineering community.

Anomauin: Jlocnioocye inmezpayiio HEUPOHHUX MEPENC Y CUCTNEMU KOMEHMYBAHHS KOOY 3 MEMOI0 Ni08UWEHHS
ehexmusHocmi ma pe3yibmamueHocmi npoepamuoi dokymenmayii. Bukopucmarns memooie MAwUHHO20 HAGUAHHS,
30KpeMa HeUPOHHUX Mepedic, Oisi CMBOPEHHSL KOMEHmMApie 00 KOOy € 6a2amoobiysouuM WIsIXOM 05l A8MOMAamu3ayii ma
NOKpaujeHHs AKocmi komenmapis. J{ocniodxtcenus 3a2nubI0EMbCs 8 HAGYANHA HEeUPOHHUX Mooenel Ha 6a2amomosHUx
Habopax Oamux, 6paxosyloyu K aHeAilUCcbKy, MakK i cepOCcvbKy, 1 OYIHIOE iX NPOOYKMUGHICMb DISHUMU MOBAMU
npoepamyeanns. Kpim moeo, docniosicenns cmocyemocs kiacugixayii komenmapis 00 Kooy, 660054 HO8Y MAKCOHOMITO,
KA 8PAX0BYE PI3HI NApadueMu ma Mosu npocpamyeanHs. 3anpononosani HeupoHHi Mooeni 0eMOHCMPYIOMb NOMIMHULL
nomeHyian y MNOKPAWEHHI PO3YMIHHA KOOy, RiOmpumyi 3yCulv CRITbHOI po3poOKu ma onmumizayii npoyecy
Ookymenmyganus. Ompumani pezyiomamu NiOKPecaiomb  GANCIUBICIb NOMOYHUX OO0CHIONHCeHb Y NPOCYBAHHI
3ACMOCYBAHHA HEUPOHHUX MepexC Y KOMEeHMYBAHHI KOOy HA KOPUCHb PO3POOHUKIE NPOSPAMHO20 3a0e3nedeHHs ma
CRITbHOMU PO3POOHUKIE NPOSPAMHO20 3a0e3NeYeHHs 8 YITOMY.

Comments in source code represent a crucial element in contemporary software development
methodologies, and their role can be explored through the application of neural networks in the field
of computer science. These comments aim to provide additional information about the
implementation of source code, maintain context, and facilitate collaboration among developers.
Neural networks can enhance the process of comment writing and analysis. Deep learning models
can learn the structure and syntactic features of code, as well as the contextual relationships between
its various elements. The use of neural networks in this context can contribute to the automatic
generation of comments that not only reflect the syntactic aspects of the code but also provide
understandable information about its functionality and purpose.

Research in natural language processing and neural networks demonstrates that models can
effectively analyze textual information and generate text based on learned dependencies in data. This
approach can be applied to the analysis of source code and the automatic creation of detailed
comments. However, it is essential to consider that the effectiveness of neural networks in this context
may depend on the quality and volume of available training data. Additionally, the use of neural
networks for comment generation requires careful tuning of model parameters and validation of
results to ensure their adequacy and correctness.

In summary, the integration of neural networks into the process of creating and analyzing
comments can automate routine development tasks and make code more accessible and
understandable for developers. The application of neural networks to code comment analysis may
also involve the detection and classification of different types of comments. Neural networks can
automatically recognize functional comments describing the role and purpose of specific code
fragments, as well as comments containing important hints regarding potential errors or
implementation features.
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One advantage of using neural networks is their adaptability and improvement over time based
on new data. This means that models can learn from new comments and adapt to changing
programming styles or software development practices. Potentially, the use of neural networks can
improve not only the process of writing comments but also their quality and usefulness for developers.
For example, models can identify the need for detailing specific code fragments and provide
recommendations for including specific information to enhance understanding.

This approach to using neural networks in code commenting opens opportunities to improve
communication among developers, reduce barriers for newcomers to understand the codebase, and
enhance the quality of documentation. However, ongoing research in this area is crucial to address
technical challenges and refine the methods of employing neural networks in software development.

An additional aspect of applying neural networks in code commenting is the potential for
automatically detecting and adapting to changes in code structure. Networks can respond to
modifications and generate new comment recommendations, considering the project's dynamic
development. This can ensure the continuous relevance and accuracy of documentation, even in large
and rapidly evolving projects.

Itis important to note that the application of neural networks in code commenting also requires
careful control and training on relevant datasets. Networks should learn various programming styles,
consider the context of use, and interact with other developers.

Furthermore, a potential perspective involves the development of interactive tools for code
commenting based on neural networks. Such tools can interact with developers, offering
recommendations or automatically generating comments based on provided code.

All these research directions in the field of code commenting using neural networks indicate
potentially significant contributions to improving software quality and easing the work of developers.
Continuing research in this direction may define new standards and approaches to effective and
understandable code commenting in modern programming.
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NEW PARADIGM DEEP LEARNING WITH OPTIMAL CONTROL

Abstract: This research introduces a novel paradigm in deep learning by integrating optimal control principles
into the learning process. Leveraging the rich theoretical framework of optimal control theory, we propose a family of
functions that parameterizes the initial neural network, allowing for a controlled and principled learning process.
Optimal control, traditionally employed in engineering systems, is adapted to guide the learning of neural networks by
minimizing a specified cost function subject to system dynamics and constraints. The incorporation of optimal control
principles provides a systematic approach to learning that extends beyond conventional deep learning methods. By
optimizing not only for observed data but also considering underlying system dynamics, our approach enhances
adaptability and generalization capabilities. This methodology is applicable across diverse domains, including robotics,
finance, and healthcare, showcasing its versatility and potential impact. Our findings demonstrate that the integration of
optimal control principles enriches the deep learning paradigm, resulting in models that are not only accurate on
observed data but also exhibit improved generalization to unseen scenarios. This research paves the way for advancing
the field of deep learning and opens avenues for its application in complex and dynamic real-world systems.

Anomauin: ye 00CniONCeHHs 6800UMb HO8Y NAPAOUSMY 2IUOOKO20 HABYAHHA WLIAXOM IHmMe2payii npuHyunie
ONMUMANILHO20 KOHMPOIO 8 npoyec HasyauHs. Buxopucmogyrouu bazamy meopemuuny 6a3y meopii onmumaibHo20
Kepy8aHHs, M NPONOHYEMO CiMelcmeo YHKYIU, AKI napamempusyioms NOYAMKO8Y HEUPOHHY Mepedicy, 00368004 U
Kepysamu ma NPUHYUNOBO GUKOHY8amu npoyec HasuyanHa. ONmMUMAanvbHuti KOHMPOAb, AKUN  MPAOUYIliHO
BUKOPUCIMOBYEMBCA 8 THHCEHEPHUX CUCMeMAax, a0anmosanull 01 Kepy8aHHs HAGYAHHAM HEUPOHHUX MEepPeNC ULIAXOM
MIHIMIZayil 3a0anol QyHKyil eumpam 6iOnoGioHO 00 CUCMEMHOI OUHAMIKU Ma 00MedceHb. BrmouenHs npuHyunie
ONMUMATILHO20 KOHMPONIO 3a0e3neyye cucmemnull nioxio 00 HAGYAHHI, WO BUXOOUMDb 3d PAMKU 36UUAUHUX MemOo0is
2nub60K020 HaguanHs. 3a805aKu onmumizayii He auwie st CROCMEPENCEHUX OAHUX, ane U ypaxogyiouu 6a308y OUHAMIKY
cucmemu, Haw niOXi0 NOKPAWLYE AOANMUBHICINDb | MONCIUBOCTI Y3a2aNbHeHHs. L1 Memo0ono2is 3acmocoena 6 pinux
obnacmsx, GKIOUAIOYU POOOMOMEXHIKY, (IHAHCU MA OXOPOHY 300p08’s, O0eMOHCmpYlouu ii YHieepcanbHicmb i
nomenyiuHuy enaus. Hawuii 8UCHO8KU OeMOHCMpPYIOmb, Wo IHmMe2payis NPUHYUNIE ONMUMAIbHO20 Kepy8aHHs 30azayye
napaouemy eiubOoKo20 HAGUAHH, 8 Pe3YIbMami 4020 MOOei He MINTbKU € MOYHUMU WOO0 CHOCIEPeXCeHUX OaHUX, aie U
0eMOHCMPYIOMb NOKPAUeHe Y3a2albHeHHs 0I5l HeBUOUMUX cyenapiis. Lle docnioscenns npoxnadae wiiix O po3eumKy

2nUbOK020 Haguanns ma 6ioKkpusac MOMCIUBOCMI OJISl 1020 3ACMOCYBAHHS 6 CKIAOHUX | OUHAMIYHUX
cucmemax peaibHo2o C8imy.

Having examined data from experiments, artificial neural networks are frequently employed
to model and describe the given data. The data, denoted as (x0,y), x0€X, y€Y, i=1,...,n, where {x0}
represents inputs to the neural network, and {y} represents the output of the feed-forward neural
network. The focus is on supervised learning from this data, acknowledging the limitations of this
type of training. In the best case, the trained neural network performs well only on observed data,
losing accuracy beyond them. In domains like economics, biology, engineering, or medicine, where
models are sought based on experimental data, mathematical expressions are often used.

The learned neural network defines a function, yet its correctness is typically assessed only
on observed data. The question arises: can we infer anything about the behavior of that function for
all points in its domain? This is crucial in fields like medicine or economics, where the method must
work for all possible inputs, not just test cases. The challenge lies in estimating the error of the output
for all possible inputs, given that the learned network is unknown.

This paper introduces a method to approximate a model for given observable data, recognizing
that a finite set of data does not uniquely determine the function representing the learned neural
network. To address this, a probability distribution function p(x0,y), (x0,y)eXxY, describing the
distribution of observed data, is considered. The paper develops a mathematical approach to
overcome the lack of uniqueness and knowledge about p. The proposed method assumes pSXxY and
p is continuous, leading to an ordinary differential equation representing a general artificial neural
network.
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The paper formulates an optimal control problem to find the best neural network among those
trained on observable data, considering a probability distribution function and additional information.
The goal is to optimize the functional among a family of functions and probability distribution
functions, seeking the best approximation of the learned neural network according to the knowledge
imposed into the action functional.

This approach is distinct from traditional optimization techniques for deep learning. The paper
aims to answer whether the trained neural network is the one sought, introducing a methodology to
study the quality of learning. The presented dual dynamic programming approach derives sufficient
g-optimality conditions for the neural network that approximates the learned network based on
additional knowledge.

The contributions of the paper extend to forecasting therapeutic classes of medications,
addressing the limitations of existing neural network outcomes. The approach provides a
methodology to study the neural network received with the help of other methods, allowing for
corrections based on additional knowledge. The paper emphasizes the importance of obtaining a
neural network that performs well for all inputs in various fields, such as medicine, economics, or
space shuttles.

In summary, the paper introduces a novel method for approximating models of neural
networks trained on observable data, addressing issues of uniqueness, knowledge gaps, and the need
for accuracy across all inputs. The proposed optimal control problem and dual dynamic programming
approach contribute to enhancing the understanding and application of neural networks in diverse
domains.

In our methodology, we aimed to enhance the learning process by introducing a family of
functions that parameterizes the initial neural network with control. This approach creates a family
of functions that we are familiar with. Presumably, the function (neural network) we are seeking is a
member of this family, or at the very least, it contains a function that approximates our desired
function well enough. However, as before, we still don't know whether the function we have a sense
of, which approximates (given the provided data!), is the one defined by the observed data. The
essence lies in implementing this type of knowledge into a deep neural network. Then, after deep
learning, we obtain a refined neural network—a function. However, we still won't know anything
about this learned function compared to our approach where we know an approximate function.

Through our analysis, we obtain a neural network that performs well for all points in the
domain, not just for specific points (patterns). This means that we find a solution that is a function
defined over the entire domain and provides a good answer for all inputs, not just for specific points.

This is crucial for fields like medicine, for predicting therapeutic classes of drugs a patient is
taking, or for economics (forecasting production development) or space exploration. We propose a
method that works for all conceivable cases, and we can compute the accuracy of the method
irrespective of the observed data, i.e., for all possible inputs.

To integrate control into the learning process, we consider the family of functions derived
from optimal control theory. Optimal control provides a powerful framework for introducing control
into the learning process. The family of functions parameterizes the initial neural network, allowing
for a more nuanced and controlled learning process.

In optimal control, the goal is to find the control inputs that minimize or maximize a certain
objective function, subject to system dynamics and constraints. Translating this to the context of
neural networks, we aim to find the optimal parameters that minimize a certain cost function, subject
to the constraints imposed by the observed data.

The key advantage of integrating optimal control into the learning process is that it allows for
a more principled and systematic approach. Instead of relying solely on the observed data, we
leverage the principles of optimal control to guide the learning process towards a solution that is not
only accurate for the observed data but also generalizes well to unseen data.
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The application of optimal control in the context of neural networks has shown promise in
various fields, including robotics, finance, and healthcare. By incorporating control principles, we
enhance the adaptability and robustness of the learned models.

In summary, our approach extends beyond traditional deep learning by incorporating optimal
control principles, resulting in a more controlled and principled learning process. This not only
improves performance on observed data but also enhances the generalization capabilities of the

learned models. The integration of optimal control opens new avenues for advancing the field of deep
learning and its applications in diverse domains.
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INTELLIGENT ESTIMATION OF SPEED ON HIGHWAYS WITH THE HELP OF Al

Abstract: This research redefines motorway safety assessment by integrating Connected and Automated Vehicles
(CAVs) with Intelligent Speed Adaptation (ISA) systems. Utilizing dynamic, high-resolution data from CAVs in micro-
grids, the study employs an explainable Al framework, specifically the Local Interpretable Model-agnostic Explanations
(LIME) algorithm, to enhance transparency in safety classifications and interpret spatial features. Emphasizing proactive
interventions based on Al insights, the study explores the interplay between CAV penetration rates and safety outcomes,
allowing tailored interventions aligned with specific traffic demand profiles. Contributions include a micro-grid-based
spatial analysis using real-time traffic flow data and the introduction of Al frameworks for transparent model
interpretation. The envisioned future entails adaptive control strategies, predictive analytics, and innovation for a safer,
smarter, and sustainable motorway safety landscape.

Anomauin: Lle Oocniodcenusi NepeoCMUCTIOE OYIHKY Oe3neku Ha asmomacicmpaniax wisixom iHmezspayii
nioxkmoYeHux i asmomamuzoganux mpancnopmuux 3aco6ie (CAV) i3 cucmemamu inmenexmyanrvHoi adanmayii
weuokocmi (ISA). Buxopucmogyrouu Ouramiyni O0aHi 6ucoxoi po3dinbnoi 30amuocmi 3 CAV y mikpomepedscax, y
00CNIONCEHH] BUKOPUCHOBYEMBCA 3PO3YMINA CMPYKMYPA WMy4Ho20 iHmenekmy, 30kpema aneopumm LIME (Local
Interpretable Model-agnostic Explanations), wo6 nioguwumu nposopicme kiacugixayii’ 6esnexu ma inmepnpenyeamu
npocmoposi xapaxmepucmuxy. Haeonowyrouu na npoaxmuenux empyuaHHsx, 3ACHOBAHUX HA PO3YMIHHAX WMYYHO20
iHmenexmy, OOCHIONHCEHH O0O0CHIOHNCYE B3AEMO38 A30K Mixc pieHem npouuxuenns CAV i pesynrbmamamu Oesnexu,
0038015104U THOUBIOYATIbHE BMPYUANHS, Y3200MHCEHE 3 KOHKPEMHUMU NPOPILIamu nonumy Ha mpagix. Buecku sxiouaroms
npOCMOpo8uULl AHANI3 HA OCHO8I MIKPO-CIMKU 3 BUKOPUCMANHHAM OAHUX NPO MPAHCNOPMHI NOMOKU 8 PEanlbHOMY 4aci ma
enposadicents gpetimeopkie Al ons nposzopoi inmepnpemayii moodeni. I[lepedbauene maiibymue nepedbauae adanmueHi
cmpamezii ynpaeiinHs, npOSHO3HY AHAIIMUKY Ma IHHO8AYLT 0Jis 6e3neuniuo20, po3yMHIUO020 Ma CMILKO20 JaHowagpmy
be3nexu Ha aBMOMACICMPAISX.

Motorways near urban regions often experience recurrent congestion, influenced by local
commuters and transit traffic. Predictions indicate a potential increase in congestion due to urban
population growth and rising vehicle sales. Critical congestion points, especially near on- and off-
ramps, pose safety risks on motorways. Speed differentials at these bottlenecks, coupled with
increased traffic demand, can compromise safety. This study aims to validate an approach identifying
critical regions on motorways for spatial safety. Simulations, considering close on- and off-ramps and
recurrent congestion, represent realistic scenarios. Various traffic demand profiles are analyzed to
validate the proposed approach.

Safety-critical regions are expected to be managed by Variable Speed Limit (VSL) control. This
method, enhancing throughput and safety by controlling mainstream flow speeds, adjusts vehicle
entry rates to bottlenecks. Assuming all vehicles are Connected and Automated Vehicles (CAVS),
VSL control is enforced through a mandatory Intelligent Speed Adaptation (ISA) system. Different
CAV penetration rates with ISA generate diverse traffic scenarios. VSL control widens the range for
analyzing spatial safety. Assessing safety across various traffic scenarios is crucial for planning speed
limit zones and other safety measures. The study also explores how different CAV penetration rates
impact the precision of localizing safety-critical regions on motorways.

The main contribution lies in spatially assessing motorway safety using data from CAVs,
providing more accurate assessments than macroscopic traffic data from static road sensors. CAVS,
assumed to transmit data to the traffic control infrastructure, enable high-resolution spatial analysis
through image-like representations and heat maps. Deep Neural Network (DNN) models, employing
Convolution Neural Network (CNN) architecture, classify traffic safety based on these heat maps.
The model's spatial features focus on vehicle clusters with lower speeds, considered critical for safety
classification.
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To explain how spatial features influence safety classification, an explainable Artificial
Intelligence (xAl) framework, specifically the Local Interpretable Model-agnostic Explanations
(LIME) algorithm, is introduced. This framework highlights critical regions on heat maps, aiding in
understanding safety classifications. This xAl-based approach improves the accuracy of VSL zone
placement and enhances safety measures.

Key contributions include the use of micro-grids for high-resolution spatial safety analysis,
simulation-based analysis under various CAV penetration rates and traffic demand profiles, and the
introduction of an xAl framework for explaining safety classifications. The study's focus on
macroscopic traffic parameters for safety assessment and its application to realistic motorway control
methods distinguish it from previous approaches using static historic crash data or lower-resolution
spatial analyses.

This study advances the understanding of motorway safety by delving into the intricate dynamics
of spatial safety assessment using data-driven insights from Connected and Automated Vehicles
(CAVs). The utilization of micro-grids for spatial analysis sets this research apart, offering a
significantly higher resolution compared to previous studies. By exclusively focusing on the
motorway network and disregarding surrounding urban infrastructure, this approach provides
valuable insights for planning localized control measures to enhance traffic safety on specific
motorway segments.

The simulation-based environment allows for the examination of various penetration rates of
CAVs equipped with Intelligent Speed Adaptation (ISA) systems under diverse traffic demand
profiles. This controlled environment enables a comprehensive analysis of spatial safety, considering
specific motorway control methods and varying traffic loads. The study's commitment to using
macroscopic traffic parameters, such as the Time-To-Collision (TTC) safety parameter computed in
real-time from traffic flow data, for spatial safety assessment distinguishes it from approaches relying
on static historic crash data.

The introduction of an explainable Artificial Intelligence (xAl) framework, particularly the
Local Interpretable Model-agnostic Explanations (LIME) algorithm, serves as a groundbreaking
element. This xAl framework sheds light on critical regions within the analyzed motorway by
providing explanations for the safety classifications determined by the Convolution Neural Network
(CNN) model. The CNN model, based on the spatial image-alike representations formatted as heat
maps, focuses on the spatial distribution and configuration of vehicle clusters with lower speeds. This
attention to spatial features aligns with previous studies correlating increased density with crash
potential.

This study's contributions extend further by exploring the impact of different CAV penetration
rates on the focused localization of safety-critical regions. The proposed xAl framework offers a
nuanced understanding of how varying degrees of CAV integration influence the identification and
understanding of safety-related challenges on motorways. This forward-looking aspect contributes to
the ongoing discourse on the integration of CAVs into existing traffic frameworks.

In summary, this research not only refines the methodology for spatial safety assessment on
motorways but also introduces innovative elements such as micro-grids, simulation-based analyses,
and an xAl framework. These elements collectively enhance the precision and applicability of safety
assessments, providing a valuable foundation for future advancements in the realm of motorway
traffic safety.

Looking ahead, the trajectory of motorway safety research is poised for transformative
developments, propelled by the integration of cutting-edge technologies and novel methodologies.
The incorporation of Connected and Automated Vehicles (CAVS) equipped with Intelligent Speed
Adaptation (ISA) systems marks a pivotal shift toward a safer and more efficient motorway
ecosystem.

The ongoing evolution of motorway safety assessment will likely witness an intensified focus
on real-time data streams and dynamic analyses. The fusion of CAV-generated data, specifically the
spatial image-alike representations derived from micro-grids, with advanced Artificial Intelligence
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(Al) models, is expected to usher in an era of unparalleled precision in safety evaluations. This
synergy presents an opportunity to not only identify safety-critical regions but also dynamically adapt
control measures in response to evolving traffic conditions.

As the deployment of CAVs becomes more pervasive, the role of explainable Al (xAl)
frameworks, exemplified by the Local Interpretable Model-agnostic Explanations (LIME) algorithm,
will become increasingly crucial. These frameworks not only provide insights into safety
classifications but also offer a transparent understanding of how the Al models interpret and prioritize
spatial features. This transparency fosters trust in the decision-making processes of Al systems, a
vital aspect as these systems become integral to motorway safety management.

The future landscape of motorway safety research is likely to witness a paradigm shift towards
proactive interventions. The utilization of Al-driven insights to predict and prevent safety-related
Issues holds promise in mitigating risks before they escalate. Predictive analytics, coupled with the
adaptability of control measures, may offer a pre-emptive approach to enhance motorway safety,
ensuring a resilient and responsive system.

Moreover, the interplay between CAV penetration rates and safety outcomes opens avenues for
tailored interventions based on specific traffic demand profiles. This nuanced approach acknowledges
the dynamic nature of motorway environments, allowing for customized safety measures that align
with the unique challenges posed by varying traffic scenarios.

In conclusion, the future of motorway safety research envisions a synthesis of advanced
technologies, real-time data analytics, and adaptive control strategies. The proactive integration of
CAVs, coupled with transparent XAl frameworks, holds the promise of not only redefining safety
assessment methodologies but also establishing a blueprint for a safer, smarter, and more sustainable
motorway infrastructure. This trajectory reflects a commitment to staying at the forefront of
innovation to meet the evolving demands of a rapidly changing transportation landscape.
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INTELLIGENT TOOL WEAR MONITORING IN STONE DRILLING

Abstract: This research delves into the realm of intelligent tool wear monitoring for stone drilling processes,
with a specific focus on the application of Radial Basis Function Neural Network (RBFNN). Neural networks, inspired
by the human brain, play a pivotal role in processing multifaceted sensor data obtained during stone machining. The
study emphasizes the adaptability and robustness of RBFNN in classifying tool wear conditions, showcasing its efficacy
in real-world scenarios. Through a comprehensive exploration of neural network training, feature selection, and dynamic
adaptation, the research contributes to the broader field of smart manufacturing. The findings advance the understanding
of artificial intelligence's role in optimizing production outcomes and offer insights applicable to diverse manufacturing
contexts.

Anomayisa: Le 0ocnioscens 3a2nubnioemovcs 8 cgepy iHmenrekmyanbHo20 MOHIMoOpUHey 3HOCy IHCMpPYMeHmy
0J11 npoyecie OYPiHHIA KAMEHIO 3 0COOUBUM AKYEHMOM HA 3ACMOCY8AHHI HEelPOHHOI Mepedici padianbHol 6a30601 yHKYil
(RBFNN). Hetipouni mepeoici, HamxXHeHHI THOOCbKUM MO3KOM, 8I0icpaioms KIOY08Y poib 68 00pobyi 6azamocpanHux
OaHux 0amuuxie, ompumanux nio yac 0o6pooxu kamento. [locnioxrcenns niokpecuroe aoanmugnicmo i Haoitinicme RBFNN
y Kaacugikayii ymoe 3HOCY IHCMPYMeEHmY, OeMOHCMPYIOUU U020 epeKmugHicms y pedlbHUx cyeHapiax. 3ae0saxu
8CeOIUHOMY OOCHIONCEHHIO HABUAHHA HeUpOHHOI mepedici, ubopy @yHKyYil i OunamiuHoi adanmayii 00CHiONHCeHHs
pobums 8Hecok y wuputy cgepy inmenekmyanibHo2o eupoonuymsea. Ompumani pe3yiomamu CHpUsions po3yMiHHIO poJii
WIMYYHO20 THMeNeKmy 6 ONmuMi3ayii pe3yibmamié eupoOHUYMEa ma NPONOHYIOMb DO3YMIHHA, 3ACMOCO8HE 00
PDIBHOMAHIMHUX BUPOOHUYUX KOHMEKCMIE.

The development of robust and precise online tool wear monitoring systems is one of the most
important segments in the development of smart machine tools. The tool wear process directly
influences machine tool productivity, product quality, and energy consumption. Therefore, it is
crucial to accurately identify tool wear dynamics during the cutting process, not only for diagnostic
purposes but also as a prerequisite for implementing process control models to adapt machining
parameters, such as cutting speed and feed rate.

However, online tool wear identification is a complex task because it is not possible to directly
inspect the cutting edges during the cutting process. As a result, this problem must be addressed by
using indirect process signals measured by different types of sensors. It is well-known that tool wear
is a highly nonlinear and partially stochastic process, making it challenging to identify. This challenge
becomes particularly evident when machining highly non-homogeneous and anisotropic materials
with variable material properties.

Variable material properties significantly influence the selection of cutting parameters, and
improper values of these parameters can negatively impact tool wear dynamics, potentially leading
to tool or workpiece damage due to higher cutting forces. The study focuses on data-fusion analysis
of features extracted from three types of signals: cutting forces, servomotor currents, and acoustic
emission. These signals were measured during the drilling of three different types of non-
homogeneous stone samples with drill bits worn to four different levels.

The features' capacity to classify the four tool wear conditions was analyzed using a Radial
Basis Function Neural Network. The experimental setup involved drilling three types of stone
samples with varying major constituents, employing nine combinations of cutting parameters.
Measurements were randomly repeated seven times for each combination, each with four different
flank wear levels. The drilling process utilized a custom-made triaxial milling machine retrofitted for
stone drilling investigation.

Three types of process signals were measured during drilling: servomotor currents, cutting
forces, and acoustic emission. Features were extracted from these signals and normalized between 0
and 1 for use as input data in the training and testing phases of the Radial Basis Function Neural
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Network. The study aimed to classify tool wear conditions based on these features, considering
different types of stone samples and machining parameters.

The results showed that features extracted from force signals generally outperformed those
from current signals in terms of classification accuracy. Additionally, features extracted from acoustic
emission signals, particularly in the frequency bandwidth of 50 kHz to 90 kHz, demonstrated
promising results. The study explored various feature combinations and their impact on the
classification accuracy, providing valuable insights into the effectiveness of different signals and their
features for tool wear monitoring in stone drilling processes.

The research also delved into the importance of selecting appropriate features to enhance the
accuracy of tool wear condition classification. Various combinations of features from cutting forces,
servomotor currents, and acoustic emission signals were examined to identify the most effective set
for the Radial Basis Function Neural Network. This feature selection process aimed to optimize the
model's performance in differentiating tool wear conditions under diverse machining parameters and
stone types.

Feature selection is a critical aspect of machine learning applications, as it influences the
model's ability to generalize and adapt to varying conditions. In this study, the focus was not only on
achieving high classification accuracy but also on ensuring the robustness of the model across
different scenarios encountered in stone drilling processes.

The investigation included an in-depth analysis of the impact of cutting parameters on the tool
wear process and the subsequent classification performance. Understanding the interplay between
cutting speed, feed rate, and tool wear is essential for developing adaptive machining strategies. The
study considered nine combinations of cutting parameters, reflecting real-world machining scenarios
where optimal parameter selection is crucial for maximizing efficiency and minimizing tool wear-
related issues.

Moreover, the study provided insights into the challenges posed by machining non-
homogeneous and anisotropic materials. Stone samples with varying major constituents were chosen
to simulate real-world conditions where the composition of workpieces can vary significantly. This
variability introduces complexity to the tool wear identification task, as different materials may
exhibit distinct wear patterns and responses to machining forces.

In conclusion, the research presented a comprehensive analysis of data-fusion techniques for
tool wear monitoring in stone drilling processes. By exploring the synergy of cutting forces,
servomotor currents, and acoustic emission signals, the study contributed valuable knowledge to the
field of smart machining. The findings underscored the importance of feature selection, considering
the superiority of certain features and their combinations in accurately classifying tool wear
conditions.

The application of a Radial Basis Function Neural Network showcased its potential as a tool
wear monitoring system, with the capability to adapt to diverse machining parameters and material
compositions. This research not only addressed the specific challenges of stone drilling processes but
also laid the groundwork for broader applications in smart manufacturing, where online monitoring
of tool wear is integral to achieving optimal production outcomes.

The research prominently highlighted the pivotal role of neural networks, particularly the
Radial Basis Function Neural Network (RBFNN), in the context of tool wear monitoring for stone
drilling processes. Neural networks are a class of machine learning models inspired by the structure
and functioning of the human brain. In this study, the application of RBFNN demonstrated its
effectiveness in classifying tool wear conditions based on data fusion from cutting forces, servomotor
currents, and acoustic emission signals.

The RBFNN, known for its ability to model complex relationships in data, was employed to
enhance the accuracy of tool wear classification. Its architecture, characterized by radial basis
functions as activation functions, proved advantageous in capturing intricate patterns inherent in the
multifaceted sensor data collected during stone drilling operations.
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The study delved into the intricacies of neural network training and optimization, emphasizing
the significance of selecting appropriate features to input into the model. Feature selection, a crucial
step in the machine learning pipeline, involves choosing relevant variables that contribute
significantly to the model's predictive performance. The research underscored the importance of this
process in tailoring the RBFNN to the specific challenges posed by stone machining, showcasing its
adaptability to diverse machining parameters and material compositions.

Furthermore, the investigation highlighted the role of neural networks in addressing the
dynamic nature of tool wear processes. The ability of RBFNN to learn and adapt to changing
conditions during stone drilling is particularly noteworthy. This adaptability contributes to the
model's robustness and reliability in real-world scenarios where machining parameters and material
properties can vary.

In conclusion, the research provided a nuanced exploration of the application of neural
networks, specifically the RBFNN, in the domain of smart manufacturing. By leveraging the power
of neural networks for data fusion and classification, the study advanced the understanding of
intelligent tool wear monitoring systems. The findings not only contribute to the field of stone drilling
processes but also have broader implications for the implementation of neural network-based
monitoring in diverse manufacturing contexts, emphasizing the role of artificial intelligence in
optimizing production outcomes.
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NEURAL NETWORKS TRANSFORMING ENERGY FORECASTING IN
METALLURGICAL PRODUCTION

Abstract: The integration of neural networks in forecasting electricity consumption for metallurgical production
represents a transformative leap. Neural networks, with their adaptability and non-linear modeling capabilities, excel in
capturing complex relationships within diverse datasets. Their application extends beyond prediction, offering insights
into optimizing energy usage in metallurgical processes. Ongoing efforts in model development, architectural
optimizations, and diversifying datasets enhance adaptability across varying production conditions. Exploring alternative
deep learning methodologies further augments real-time analysis capabilities. The utilization of neural networks signifies
a commitment to precision, adaptability, and efficiency, fostering a sustainable approach to energy management in
metallurgical production.

Anomauin: Inmezpayis HelupoOHHUX MePeNC Y NPOSHO3YB8AHHS CNONCUBAHHS eJIeKMPOeHep2ii 018 MemanypeitiHo2o
supobnuymea € mpancgopmayiinum cmpubkom. Hetipouni mepedsci 3 IX a0anmueHicmio ma MONCIUBOCTNAMU
HENIHITIHO20 MOOeN08AHHS Y0080 CAPASISIIOMbCS 31 QIKCAYIE CKIAOHUX 83AEMO36 S3KI8 Y PI3HOMAHIMHUX HaAbopax
Oanux. Ix 3acmocysanms euxoOumv 3a pamku npoHO3VEAHHS, NPONOHYIOUU PO3VMIHHS ONMUMIZAYIi 6UKOPUCMAHHA
eHnepeii 6 memanypeivinux npoyecax. Ilocmiini 3ycunis 3 po3pobxu mooenei, onmumizayii apximexmyp i ousepcugpikayii
Habopie Oanux RNIOBUWYIOMb AOANMUGHICMb Y DI3HUX BUPOOHUYUX cepedosuwax. Bueuenns anvmepHamueHux
MemoOonocill 2IUOOK020 HABYAHHS uje OLIbUE POUUPIOE MONCIUBOCME AHANIZY 8 PedarbHOMY Yaci. Bukopucmanms
HeUPOHHUX MePeNC O3HAYAE NPASHEHHSI 00 MOYHOCI, A0ANMUBHOCME MA ePeKMUBHOCMI, CRPUSIOYU CIIUKOMY RIOX00Y
00 YNpasninHa eHepeieio y 8UPOOHUYMEE CIAJi.

The development of a deep learning model for predicting electricity consumption in
metallurgical production can be a significant research direction in terms of optimizing energy
efficiency and reducing costs in manufacturing processes. Analyzing a large amount of data covering
various production conditions allows identifying key parameters influencing electricity consumption.

The obtained results suggest the possibility of creating an effective model that considers the
relationship between different factors and electricity consumption. The use of deep learning methods,
such as neural networks, enables adapting the model to changing production conditions and providing
accurate predictions of electricity consumption.

Such an approach can be beneficial for metallurgical enterprises aiming to optimize
production processes and efficiently use electricity. Further research may include refining the model,
considering additional factors, and validating the results in practice.

This model development approach effectively utilizes deep learning methods to address
current challenges in energy efficiency in the metallurgical sector. Incorporating various factors and
utilizing neural networks enhance the model's accuracy and adaptability to changing production
conditions. This can make a significant contribution to the practical optimization of electricity
consumption in the metallurgical industry.

Additional development of this model may involve optimizing the neural network
architecture, considering the non-stationarity of parameters, and expanding the dataset to improve the
model's overall performance in different production conditions.

Furthermore, considering the possibility of using other deep learning methods, such as deep
convolutional networks or recurrent neural networks, for real-time analysis of electricity consumption
and accounting for dynamic changes in production processes, is worth exploring.

Applying mathematical formulas to formalize and optimize models can deepen the theoretical
foundations of this research. Mathematical modeling can be an effective tool for analyzing the model's
sensitivity to different parameters and determining optimal values for maximum prediction accuracy.
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Expanding the scope and optimizing the model are crucial for the further development of this
research. Involving other deep learning methods and using mathematical models can significantly
enhance the overall contribution of this approach to the practice of metallurgical production.

The integration of robotics, additive manufacturing, and the use of renewable energy sources
in metallurgy opens up broad possibilities for improvement and sustainable development in this
industry. Ensuring occupational safety, optimizing production processes, and reducing environmental
impact are key aspects in the future development of metallurgical production.

The utilization of neural networks in predicting electricity consumption within metallurgical
production epitomizes a cutting-edge approach that transcends traditional modeling methodologies.
Neural networks, as a subset of deep learning, exhibit unparalleled capabilities in discerning intricate
patterns within vast and complex datasets. Their intrinsic ability to adapt and learn from data,
particularly in the context of metallurgical processes characterized by dynamic conditions, positions
them as potent tools for precise electricity consumption forecasting.

The primary advantage of neural networks lies in their capacity to capture non-linear
relationships and dependencies among diverse factors influencing electricity consumption.
Traditional models may falter in handling the nuanced interplay of variables inherent in metallurgical
production, whereas neural networks excel in extracting nuanced patterns that elude conventional
modeling techniques.

Moreover, the adaptive nature of neural networks allows them to evolve and recalibrate in
response to changes in production conditions. This adaptability is crucial in the context of metallurgy,
where factors influencing electricity consumption can vary widely over time. The neural network's
ability to generalize from historical data and fine-tune predictions based on real-time inputs enhances
its accuracy and reliability.

In the realm of metallurgical production, where optimizing energy consumption is paramount,
the neural network’s proficiency in capturing the complex relationships between input parameters and
electricity consumption is invaluable. Its application extends beyond mere prediction, as neural
networks can offer insights into the nuanced dynamics of energy usage, identifying optimal strategies
for minimizing waste and maximizing efficiency.

As we delve deeper into the development and refinement of neural network models,
considerations should encompass not only architectural optimizations but also addressing challenges
such as non-stationarity of parameters. Continuous efforts to expand and diversify datasets further
enhance the model's adaptability to a broad spectrum of production scenarios, ensuring its robust
performance across varying conditions.

Furthermore, exploring alternative deep learning methodologies, including convolutional or
recurrent neural networks, may provide avenues for enhancing real-time analysis capabilities,
accommodating dynamic shifts in metallurgical production processes.

In conclusion, the integration of neural networks in forecasting electricity consumption for
metallurgical production represents a transformative leap, empowering the industry with a tool
capable of navigating the intricacies of its operational landscape. The ongoing development and
optimization of neural network models underscore a commitment to precision, adaptability, and
efficiency, fostering a sustainable approach to energy management in metallurgical production.
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NEURAL NETWORK TECHNOLOGIES FOR UKRAINE'S RECOVERY AND
DEVELOPMENT

Abstract: This work underscores the imperative for Ukraine to navigate post-war recovery and development
amid intricate challenges. Limited resources necessitate exploring alternative funding, including support from Western
countries and private investors. Beyond financial considerations, active restoration of territories, especially in threat-
prone regions like Donetsk Oblast, demands strategic planning and comprehensive data analysis. Neural network
technologies emerge as pivotal tools for recovery, aiding in infrastructure optimization, innovative technology
development, investment attraction, and enhancing quality of life. The article advocates for open-source neural network
models, emphasizing their potential to revolutionize civic life and governance. Immediate action is urged for successful
implementation, recognizing this task's national significance.

Anomauin: L[a poboma niokpecnioe HeobxiOHicme 015 Ykpainu timu nicisi80EHHO20 8IOHOBIEHHA MA PO3GUMKY
ceped cKnaoHux euknukie. OOMmediceHi pecypcu 3yMOGII0I0Mb HeOOXIOHICMb NOULYKY AlbIMEePHAMUBHO20 (DIHAHCYBAHHS,
BKIIOHAIOYU RIOMPUMKY 3AXIOHUX KDAIH Ma npueamuux ineecmopis. Kpim ginancosux mipkyeamns, akmueHe 6IOHOGICHH S
mepumopiii, 0coOIUB0 6 MAKUX 3a2PO3TUBUX pecioHax, AK [Joneybka obracme, umMazae cmpameiutHo2o NAaHy6ants ma
KOMNIIEKCHO20 aHanizy oanux. Texnono2ii HetipoHHUX Mepedic Cmaims OCHOGHUMU IHCIMPYMEHMAaMU 015 GiOHOGIEHHS,
cnpusiiouu  onmuMizayii - iHgppacmpykmypu, po3eumKy IHHOGAYIUHUX MEXHON02il, 3aYYeHHI0 [Heecmuyil ma
noxkpawennio akocmi dcummsa. Cmammsa 6UCMYnae 3a mMooeni HeupoHHOi mepedxci 3 GIOKpUmuM UXiOHUM KOOOM,
HA20NOWYIOUY HA IXHLOMY NOMeEHYiani pegoNoYioHi3y8amu epOMAOAHCHKe Hcumms ma ynpaguinus. Heobxiono excumu
He2auHux Oiti 01151 YCNiWHOI peanizayii, 6USHAIOYU HAYIOHATbHY 3HAYYWICIb Yb020 3A80AHHS.

Ukraine is confronted with the formidable challenge of rebuilding and advancing in the midst
of exceedingly intricate difficulties. The nation's recovery demands substantial resources, which,
regrettably, are finite. Predicting potential reparations from the aggressor country proves to be a
complex task that necessitates time. However, alternative funding sources, such as support from
Western nations and private investors, can be explored. Convincing these stakeholders that their
investments will be utilized efficiently and transparently is crucial. Additionally, assurances need to
be provided regarding the safeguarding of investments from potential risks.

Beyond the financial dimension, it is also crucial to actively engage in the restoration of
territories and facilitate the return of people to normal life. This is particularly vital for societal
rejuvenation. A key focus is the formulation of a strategy for the recovery of regions and territorial
communities. A clear vision of the importance of this, especially for regions like Donetsk Oblast,
which remain under threat, is essential. Comprehensive data analysis and infrastructure planning are
avenues to achieve this.

In this process, neural network technologies can emerge as a vital tool to bolster Ukraine's
recovery and development. They can aid in intricate analytical calculations and the construction of
models for territorial development strategies. However, this necessitates access to diverse data
sources, including private ones. Therefore, artificial intelligence can become a crucial asset in
supporting Ukraine's recovery and fortifying its position.

Neural network technologies can play a pivotal role in Ukraine's recovery and development
post-war, addressing a spectrum of critical tasks:

1. Optimization of infrastructure projects: Analyzing extensive data with neural network
technologies to identify the most effective locations for constructing infrastructure objects like roads
and bridges.

2. Development and implementation of innovative technologies: Assistance from neural
networks in developing new technologies contributing to Ukraine's economic stability and growth.
3. Attracting investments: Utilizing neural networks to create an appealing environment

for investments, fostering new business opportunities, and enhancing the quality of life.
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4. Improving the quality of life for people: Leveraging neural network technologies to
enhance education, healthcare, employment, and transportation infrastructure.

5. Forecasting workforce needs: Predicting labor force needs at various levels through
the analysis of economic and social data with neural networks.

6. Competency analysis: Examining skills and experience of individuals to identify their
competencies using neural networks.

7. Personalized training: Developing individualized training programs considering each
student's skills and abilities with the help of neural networks.

8. Market trends forecasting: Anticipating future trends by analyzing labor market data
with neural networks.

9. Optimization of educational programs: Evaluating the effectiveness of educational
programs and materials using neural networks.

10.  Individualization and personalization: Adapting educational material to the needs of

each student through neural networks.

11.  Automated assessment and reporting: Analyzing students' responses to assess their
level of understanding with neural networks.

12.  Improving teaching methods: Assessing the effectiveness of different teaching
methods using neural networks.

13.  Automated creation of educational materials: Generating educational content
considering the needs of students through neural networks.

14.  Support for inclusive education: Facilitating teachers in adapting education for
students with different needs, providing more accessible learning with neural networks.

In summary, neural network technologies hold the potential to offer numerous perspectives
for supporting Ukraine's recovery and development. However, their successful implementation
requires substantial investments and qualified personnel. Neural technologies have the potential to
revolutionize civic life by fostering increased civic engagement, people's involvement in the political
process, and the creation of more effective and accountable governing bodies. Concrete examples
include:

1. Creating platforms for civic engagement: Developing platforms with neural
technologies to facilitate communication, idea exchange, and coordination of citizens' actions.

2. Improving access to information: Streamlining citizens' access to information on
issues of concern through the application of neural technologies.

3. Engaging people in the political process: Activating citizens' participation in political
life using neural technologies, including personalized messages encouraging participation in political
initiatives.

4. Establishing more efficient and accountable governing bodies: Enhancing the
efficiency and accountability of governing bodies with neural technologies, such as identifying
effective government policy programs.

To succeed in implementing neural network technologies, it is imperative to channel scientific
potential toward creating open-source neural network models for the mentioned tasks and provide
ongoing support to users of these artificial intelligence tools. This is a nationally significant task, and
its resolution demands immediate action.
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AUTONOMOUS MULTI-ARM ROBOTIC SYSTEMS

Abstract: This study delves into the realm of precision agriculture, exploring the development of autonomous
multi-arm robotic systems for orchard fruit harvesting. To address the challenges posed by fruit occlusions, a novel deep
convolutional neural network algorithm is employed to enhance fruit recognition and localization. Additionally, a task
planning method based on multi-agent reinforcement learning optimizes harvesting efficiency. Field trials with a four-
arm robotic system demonstrate promising success rates and cycle times. The research highlights the transformative
potential of robotic systems in orchard harvesting, paving the way for increased efficiency, reduced labor costs, and
sustainable fruit production practices.

Anomauin: ye 00CnHiOdNCeHHs 3a2MUOMOEMbCS 8 Cepy MOUHO020 3eMaAepodCmea, O0CONCYIOUU PO3POOKY
ABMOHOMHUX OA2AMOPYKOBUX POOOMOMEXHIUHUX cucmeM 0as. 300py niodie y cadax. Llo6 eupiwwumu npobremu,
no8 s13aHi 3 OKMIO3AMU NA00I8, BUKOPUCMOBYEMBCS HOBULL ANOPUMM 2TUOOKOI 320pMKO60I HEUPOHHOI Mepedci 05
NOKpawjenusi po3nizHasanuss ma Jaoxanizayii nioodie. Kpim mozco, memoo naanyeamHs 3a60aHb, 3ACHOBAHUU HA
bacamoazenmnHomy HAGYAHHI 3 NOCUIEHHSIM, ORMUMIZYE epexmusnicms 30upanns. Ilonvosi eunpobysanms
PO6OMU306aHOI cUuCmeMU 3 HOMUPMA PYKAMU OeMOHCMPYIOmb 6a2amoobiysiioui NOKA3HUKY YCHIXy Ma mpuedaiicmb
yukiy. [locnioocenns niokpeciioe mpancgopmayiinuil nomeHyianr pooomu308aHUxX Cucmem y 30Upanti p0diCaro 8 caoax,
APOKAA0AIOHY UIISIX 00 NIOBUUIEHHS eheKMUBHOCI, 3HUJICEHHS GUMPAM HA poboYy CULYy Md APAKMUKU CMAL020
8UpPObHUYMBA PpyKmis.

The labor-intensive harvesting process in fruit production incurs high costs, prompting the
need for autonomous and unmanned harvest solutions to address industry bottlenecks. Robotic
harvesters, leveraging advancements in computer and sensor technologies, have made significant
progress in fruit detection, localization, path planning, and mechanical design. Various harvesting
robots for fruits like apples, oranges, tomatoes, and pineapples have been developed in recent years.

The cultivation mode of dwarfing and dense planting in apple orchards has gained popularity
due to its advantages in facilitating mechanized operations. Picking robots, especially those with
multiple arms, have shown positive progress in enhancing operating efficiency. Researchers have
integrated multiple operational units, enabling robots to perform large-scale collaborative tasks and
improve efficiency. Some multi-arm robots have been successfully commercialized, proving their
effectiveness in enhancing harvesting efficiency.

However, multi-arm robots face technical challenges, requiring meticulous planning and
control methods due to overlapping working spaces and cooperation needs. Task planning becomes
crucial for harvesting collaboration, resembling decision-making problems like the multiple traveling
salesperson problem (mTSP) or vehicle routing problem (VRP). Optimizing task planning for inter-
arm collaboration poses challenges due to constraints like inter-arm motion coupling, workspace,
shortest neighboring distance, and multiple optimization objectives.

Another challenge lies in the perception of robots for fruit targets, especially in complex
environments with varying lighting conditions and occlusions. While learning-based image
processing algorithms have improved visual perception, many existing studies struggle with occluded
fruits during harvesting operations. Robotic harvesters need to cope with varying degrees of
occlusions, demanding advanced image recognition and 3D localization for pixel-level fruit
segmentation and estimating positions of occluded fruits.

To address these challenges, this work presents:

1. A multi-task deep convolutional neural network-based algorithm using multiple stereo
cameras for fruit recognition and localization, aiming to enhance recognition rates and localization
accuracy of occluded fruits.
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2. A task planning method based on a multi-agent reinforcement learning model to
optimize harvesting time for multiple fruits with multiple arms, improving overall operational
efficiency and reducing average cycle time.

3. A highly integrated four-arm apple harvesting robotic system demonstrated in field
trials with a harvest success rate ranging from 71.28% to 80.45% and an average cycle time from
5.8% to 6.7%, showcasing its performance under different apple tree growth conditions.

The past decade has witnessed the rapid development of dwarf dense planting in orchards,
making it the mainstream in fruit production. Dwarf dense planting orchards, with their visibility and
reachability advantages, have become the primary focus of harvesting robots. The integration of
advanced technologies and collaborative multi-arm systems holds promise for addressing the
challenges and improving the efficiency of fruit harvesting in orchards.

Furthermore, the development of dwarf dense planting in orchards has become the mainstream
trend in fruit production over the past decade. This cultivation pattern offers advantages such as well-
defined visibility and accessibility, making it an ideal scenario for the deployment of harvesting
robots. Researchers and engineers have directed their efforts toward enhancing the capabilities of
these robots to meet the specific challenges posed by dwarf dense planting orchards.

A notable trend in the field involves the integration of advanced technologies into robotic
systems, particularly those with multiple arms. The use of multi-arm robots has shown promise in
improving the overall operational efficiency of fruit harvesting in orchards. These robots, equipped
with sophisticated sensors, computers, and artificial intelligence, demonstrate enhanced information
perception, intelligent decision-making, precision control, and execution of harvesting operations.

In response to the concentrated ripening and large-scale harvesting operations characteristic
of apple production, researchers have focused on optimizing the comprehensive operating efficiency
of robotic harvesters. The integration of multiple operational units in these robots allows them to
perform large-scale collaborative tasks, paving the way for innovative solutions to improve
efficiency. Multi-arm collaborative task planning methods have been explored, demonstrating a
highly promising technological approach.

However, the adoption of multi-arm robots introduces additional technical challenges. Unlike
traditional single-arm robots, multi-arm systems require meticulous planning and control methods
due to overlapping working spaces and the necessity for cooperation. Factors such as the sequencing
of robots picking multiple fruits can significantly impact operation duration, emphasizing the
importance of task planning. The scheduling of interarm movements plays a crucial role in the
efficiency of harvesting operations, making task planning a pivotal aspect of the robotic harvesting
process.

Addressing the challenges associated with multi-arm harvesting robots in orchards, this work
proposes innovative solutions:

1. A multi-task deep convolutional neural network-based algorithm employs multiple
stereo cameras to enhance fruit recognition and localization accuracy, particularly for occluded fruits.
This algorithm aims to improve the overall effectiveness of the robotic harvesting process by
increasing recognition rates and accuracy.

2. A task planning method based on a multi-agent reinforcement learning model is
introduced to optimize the time required for harvesting multiple fruits with multiple arms. The
objective is to enhance the overall operational efficiency of the robot and reduce the average cycle
time. This approach leverages advanced artificial intelligence techniques to make intelligent decisions
in a dynamic orchard environment.

3. A highly integrated four-arm apple harvesting robotic system is developed and tested
in field trials conducted in apple orchards in the Haidian and Changping Districts of Beijing, China.
The orchards feature a Simple, Narrow, Accessible, and Productive (SNAP) fruiting-wall canopy
architecture, creating a conducive environment for robotic harvesting. The field trials demonstrate
the robot's successful harvest rates ranging from 71.28% to 80.45%, showcasing its performance
under various apple tree growth conditions.
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In conclusion, the rapid evolution of orchard cultivation practices, coupled with advancements
in robotic technologies, presents exciting opportunities for improving the efficiency of fruit
harvesting. The integration of multi-arm robotic systems, advanced algorithms, and artificial
intelligence holds the key to addressing the specific challenges posed by modern orchard
environments. This research contributes valuable insights and practical solutions to propel the field
of robotic fruit harvesting towards increased effectiveness and widespread adoption in commercial
orchards.

The success of multi-arm robotic systems in orchard environments is contingent upon their
ability to adapt to dynamic and complex conditions. The challenges of fruit occlusion, varying
lighting environments, and the intricate canopy structures demand innovative solutions to further
enhance the capabilities of harvesting robots.

The proposed multi-task deep convolutional neural network-based algorithm represents a
significant advancement in addressing the issue of occluded fruits. By leveraging multiple stereo
cameras, the algorithm aims to achieve pixel-level fruit segmentation and accurately estimate the
position of occluded fruits based on partial information. This not only improves recognition rates
under challenging conditions but also contributes to the overall robustness of the robotic harvesting
system.

Task planning remains a critical aspect of optimizing the efficiency of multi-arm robotic
harvesters. The introduction of a task planning method based on a multi-agent reinforcement learning
model signifies a shift towards intelligent decision-making in real-time harvesting scenarios. This
approach considers factors such as inter-arm collaboration, minimizing idle time, and traversing
distances, contributing to a more streamlined and efficient operation.

The field trials conducted in apple orchards employing the highly integrated four-arm robotic
system provide valuable insights into the practical applicability of the proposed solutions. The success
rates ranging from 71.28% to 80.45% and average cycle times from 5.8% to 6.7% demonstrate the
robot's adaptability to different growth conditions of apple trees. These results underscore the
potential of advanced robotic systems to revolutionize fruit harvesting practices, especially in
environments characterized by dense planting and concentrated ripening.

Looking forward, the continued development and refinement of multi-arm robotic systems for
orchard harvesting will likely involve ongoing research in several key areas. Further advancements
in perception technologies, including image processing algorithms and 3D localization techniques,
will play a crucial role in overcoming challenges related to occlusions and varying environmental
conditions.

Additionally, the integration of advanced learning-based approaches, such as reinforcement
learning, will contribute to the adaptive and autonomous decision-making capabilities of robotic
harvesters. This can lead to more efficient task planning and resource allocation, ultimately enhancing
the overall performance of the robotic system.

The success of this research in addressing the specific challenges of multi-arm robotic
harvesting in orchards opens avenues for future exploration and innovation. As technology continues
to evolve, the collaborative efforts of researchers, engineers, and orchard operators will likely drive
the widespread adoption of robotic systems, marking a transformative shift in fruit harvesting
practices worldwide. The potential benefits include increased efficiency, reduced labor costs, and
improved overall productivity, contributing to the sustainability and competitiveness of the fruit
industry.
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REAL-TIME PROBABILISTIC STRUCTURAL LIFE PREDICTION USING
NEURAL NETWORKS AND MONTE CARLO

Abstract: This study presents a novel methodology for real-time probabilistic residual life predictions of
structures, combining Finite Element Method (FEM), Monte Carlo (MC), and Neural Networks (NNs). The "H1-L1"
neural network proves optimal, demonstrating high accuracy and stability with minimal data. The methodology's
application to a thin plate with a central hole showcases its effectiveness in real-world scenarios. This approach
eliminates the need for prior information on input parameter distributions, making it a valuable tool for structural health
assessments in uncertain conditions. The study bridges traditional and advanced methods, providing a promising avenue
for future research in structural engineering.

Anomauin: YV ybomy O0CHIONCEHHI NPEOCMABIEHO HO8Y MemMOOO0N02i0 UMOGIPHICHO20 NPOSHO3VEAHHS
3aNUUKOB020 Pecypcy KOHCMPYKYIU Y pestcumi peanrbHo2o 4acy, AKa NOEOHye Memoo cKinuennux enemenmie (FEM),
Mounme-Kapno (MC) i netiponni mepeanci (NN). Hetiponuna mepeoca « HI-L1» guasunacs onmumanibHo, 0eMOHCMPYIoUu
BUCOKY MOYHICMb [ CMAOLIbHICMb 3 MIHIMANbHUMU OGHUMU. 3acmocy8anHs Memooono2ii 00 MOHKOI niacmuHu 3
YEHMPAbHUM OMBOPOM 0eMOHCMPYE il eghekmusHnicms y cyeHapiax peanvHozo ceimy. Lleti nioxio ycysae nompeby 6
nonepeouiil inghopmayii npo po3noodinu 6XiOHUX NAPAMEempis, Wo pooums 1020 YIHHUM IHCINPYMEHMOM 018 OYIHKU CINAHY
KOHCMPYKYIi 8 He@usHayeHuX ymosax. JocniodcenHs NOEOHYE MpAOuyitiHi ma nepedogi memoou, 3abe3neuyodu
bacamoobiysaouuil Wasx 01 MaubdymHuix 00cuiodceHs y 06y0igenbHill iHdceHepii.

In this study, neural networks were employed to create models for predicting residual fatigue
life, enabling real-time probabilistic life predictions of damaged structures under stochastically
varying input parameters. The research involved a detailed comparison of five different neural
network architectures, assessing accuracy, computational runtimes, and the minimum number of
samples required for training. The objective was to identify the architecture with optimal
generalization power. The neural networks were trained, validated, and tested using fatigue life
predictions obtained through simulations employing Finite Element Method (FEM) and Monte Carlo
methods.

A noteworthy outcome was the identification of the "H1-L1" neural network as the most
effective model, exhibiting high accuracy (Mean Square Error of 4.8e-7 on the test dataset) and
stability, particularly when dealing with reduced amounts of data. The model's potential applicability
for Structural Health Monitoring (SHM) in cost-effective GPU devices was emphasized due to its
minimal parameter requirements.

The study addressed the critical issue of predicting the residual fatigue life of structures,
considering uncertainties and variability in input data. The research demonstrated the applicability of
neural networks, especially the identified optimal architecture, in providing accurate life predictions
even when faced with uncertain and highly variable input conditions. A real-world case study
illustrated the effectiveness of the proposed approach in delivering precise life predictions under such
challenging circumstances.

The integration of advanced computational methods, including FEM and Monte Carlo
simulations, with neural networks showcased a robust methodology for structural life prediction. The
study's methodology, validated through a case study involving a thin plate with a central hole,
presented a versatile approach that could be extended to study larger and more complex industrial
components. Additionally, the ability of the constructed neural networks to provide real-time
forecasts on cost-effective GPU devices positioned them as viable solutions for SHM applications in
practical engineering scenarios.

The comprehensive discussion and results presented in the study contribute to the
advancement of methodologies for probabilistic residual life predictions, emphasizing the synergy
between traditional simulation techniques and state-of-the-art neural network approaches. The
findings have implications for enhancing safety, reducing maintenance costs, and improving the
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design of fatigue-resistant products across various engineering sectors. Further research and
application of the proposed methodology in diverse industrial contexts could lead to significant
advancements in structural health monitoring and predictive maintenance strategies.

In conclusion, this research represents a noteworthy contribution to the field of structural life
prediction, showcasing the potential of neural networks in addressing complex challenges associated
with uncertainties in input data and variability in structural conditions. The identified optimal neural
network architecture, "H1-L1," stands out for its accuracy, stability, and suitability for practical
applications, especially in the context of cost-effective GPU devices for real-time monitoring.

Opinion: The presented research underscores the significance of integrating neural networks
into the realm of structural life prediction, showcasing their efficacy in handling uncertainties and
variability. The identified neural network architecture, "H1-L1," demonstrates promising potential
for practical implementation, particularly in cost-effective GPU devices for real-time Structural
Health Monitoring. The meticulous comparison of different architectures and optimizers, along with
the validation through a real-world case study, enhances the credibility of the study's findings. The
methodology's versatility and applicability to larger and more complex industrial components open
avenues for future research and practical implementation in diverse engineering sectors.

The proposed approach addresses a critical need in the engineering domain by tackling the
challenging task of predicting the residual fatigue life of structures, a vital aspect for preventing safety
accidents and minimizing economic losses. The study's focus on the crack nucleation process and
fatigue crack growth (FCG) underlines its relevance to diverse manufacturing processes, from
welding to additive manufacturing technologies.

A key strength of the research lies in recognizing the inherent variability in FCG processes,
attributed to factors such as geometrical variations, material scattering, and statistical uncertainties.
By leveraging advanced tools, including Finite Element Method (FEM) and Monte Carlo simulations,
the study successfully navigates the complexities associated with predicting structural life under
uncertain and variable conditions.

The integration of Neural Networks (NNs) into this framework represents a paradigm shift in
structural life prediction methodologies. The study acknowledges the limitations of traditional
computational methods, especially in scenarios requiring robust and probabilistic predictions. The
rise of NNs, capable of handling large and complex datasets, offers a promising avenue for more
precise assessments under highly variable and uncertain experimental conditions.

The significance of the "H1-L1" neural network architecture emerges as a key finding,
demonstrating exceptional accuracy and stability, particularly when faced with limited data. The
model's potential for Structural Health Monitoring (SHM) on small, cost-effective Graphics
Processing Unit (GPU) devices positions it as an attractive solution for real-world engineering
applications.

The investigation not only fills existing literature gaps but also sets a precedent for future
research directions. The seamless combination of traditional computational methodologies with deep
learning approaches provides a holistic framework for tackling structural life prediction challenges.
The study's real-world case study involving a thin plate with a central hole serves as a practical
demonstration of the proposed methodology's effectiveness.

The outlined approach, requiring no a priori information about distribution functions and
ranges of variation in input parameters, aligns with real-life scenarios where such information is often
unknown. This characteristic enhances the methodology's practicality, saving valuable time and costs
typically associated with experimental evaluations on specific structures.

The research's innovative methodology, validated through rigorous comparisons, not only
advances the field of structural life prediction but also holds implications for enhancing
competitiveness in designing fatigue-safe products. The ability to provide real-time forecasts on cost-
effective GPU devices further extends its applicability to Structural Health Monitoring, offering a
valuable tool for assessing and updating predictions in real-world engineering scenarios.
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In summary, this research represents a pioneering effort in integrating neural networks with
traditional computational methods for probabilistic residual life predictions. The identified "H1-L1"
neural network architecture stands out as a reliable model, showcasing its potential for addressing
uncertainties and variability in structural conditions. The study's findings contribute significantly to
the evolution of methodologies for structural health monitoring, predictive maintenance, and the
design of fatigue-resistant products across diverse engineering sectors.

Moving forward, the research methodology unfolds with a comprehensive exploration of the
fatigue crack propagation simulation using Finite Element Method (FEM). The case study, centered
around a thin plate with a central hole, serves as a tangible illustration of the proposed approach. The
subsequent incorporation of Monte Carlo (MC) simulations accelerates the generation of a substantial
volume of life predictions, essential for training the Neural Networks (NNs).

The comparisons among MC results and different NN architectures provide valuable insights
into accuracy and computational efficiency. The inclusion of probabilistic life assessment exemplifies
the practical application of the proposed approach, showcasing its utility in real-world scenarios.

The concluding remarks encapsulate the essence of the research. The methodology, marrying
advanced FEM crack-growth simulations, MC methods, and sophisticated multi-level NNs, emerges
as a novel and effective means for probabilistic residual life predictions. The validation process,
involving benchmarking of different NN architectures and optimizers, reinforces the robustness of
the approach.

The research underscores the potential of Neural Networks in offering precise assessments
under conditions of high variability and uncertainty. The "H1-L1" neural network, identified as the
optimal model, not only replicates Monte Carlo reference data with exceptional accuracy but also
demonstrates stability and efficiency, particularly with reduced datasets. Its shallow architecture,
coupled with minimal parameter requirements, enhances its attractiveness for Structural Health
Monitoring on cost-effective GPU devices.

The final phase of the study involves the practical application of the best-performing model,
"H1-L1," for a probabilistic fatigue life assessment. This demonstration serves as a testament to the
approach's viability in real-world scenarios, where uncertainty in data and measurements is the norm
rather than the exception.

In essence, this research represents a groundbreaking endeavor in developing models for real-
time probabilistic residual life predictions under uncertain input conditions. By seamlessly integrating
traditional simulation methods with advanced Neural Networks, the study pioneers a holistic
approach to structural life prediction. The identified neural network architecture, along with the
overarching methodology, stands as a beacon for future research endeavors seeking to address the
complexities of predicting structural integrity in dynamic and uncertain environments.

In conclusion, this research advances the frontier of structural life prediction by introducing a
pioneering methodology that combines traditional simulation techniques with state-of-the-art Neural
Networks (NNs). The focus on real-time probabilistic residual life predictions under uncertain input
conditions is paramount in enhancing the robustness and applicability of structural health
assessments.

The developed approach, showcased through a comprehensive exploration of fatigue crack
propagation in a thin plate with a central hole, leverages Finite Element Method (FEM) simulations,
Monte Carlo (MC) methods, and intricate multi-level NNs. The synergy of these elements culminates
in a methodology capable of delivering accurate life predictions even in the face of uncertain and
highly variable input data.

The meticulous benchmarking of five distinct NN architectures and various optimizers
underscores the significance of model selection in achieving optimal accuracy and computational
efficiency. The standout performer, the "H1-L1" neural network, not only replicates Monte Carlo
reference data with precision but also exhibits stability and efficiency, particularly with reduced
datasets. Its shallow architecture, coupled with minimal parameter requirements, positions it as an
attractive solution for real-time Structural Health Monitoring on cost-effective GPU devices.
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The practical application of the identified model in a probabilistic fatigue life assessment
serves as a tangible demonstration of its effectiveness in real-world scenarios. The approach’s ability
to forego the need for a priori information about the distribution functions and ranges of variation in
input parameters aligns with the challenges posed by the unpredictability of structural integrity in
practical applications.

This research contributes to the evolving landscape of structural engineering by bridging the
gap between traditional simulation methods and the capabilities offered by advanced NNs. The
identified neural network architecture and the overarching methodology represent a promising avenue
for future research endeavors. As the demand for accurate, real-time predictions in the face of
uncertain conditions continues to grow, the integration of advanced computational methods with
Neural Networks stands out as a key enabler for ensuring the safety and reliability of engineering
structures.
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BUKOPUCTAHHS 3ACOBIB LITYYHOI'O IHTEJEKTY Y MOBLILHUX
JOJATKAX

Anomauin. Hasedeno onuc moocnusocmeni xnacy CameraX ons zaxonnewHs ma o06poOKu 306padicenv,
OMPUMAHUX 3 Kamepu MOOLTbHO20 npucmpor. Onucano pescum pobomu Image Analysis ons saxonnenns ma o0HouacHoi
06pOoOKU 306padicerb 3a 0ONOMO20I0 MOOenel MAUUHHO20 HaguanHs .OnuUcano npoyedypy inmezpayii ModlCIueocmell
CameraX y mpoexm 3a oonomoeoio gradle. Haeedeno npoyedypy inmeepayii mMoOeni MAUWUHHO20 HAGYAHHS OJis
PO3ni3HAsanHs 0bEKkmie 3 300padiceHb y npoekm MoOiibHo20 dodamky. [lokaszano pesynrvmamu pobomu mooei
Mawunno2o naguanns y npoexmi mooinsrozo (Android) oodamxy.

Abstract. A description of the capabilities of the CameraX class for capturing and processing images obtained
from the camera of a mobile device is provided. Image Analysis for capturing and simultaneously processing images
using machine learning models is described, and the procedure for integrating CameraX capabilities into a project using
gradle is described. The procedure for integrating a machine learning model for recognizing objects from images into a
mobile application project is presented. The results of the machine learning model work, in form of mobile app project,
are given here

Buxopuctanus 3aco0iB HITYYHOTO IHTEJEKTY JO3BOJI€ BUPIMIUTH Oarato pizHHUX 3ajaad.
Hampuknan, MoxkHa po3mizHaBaTu 00’ €KTH 31 cTaTHuHUX (poTorpadiit abo BiIeO MOTOKY.

Takox 3a JOMOMOTOK HEWPOMEpPEX MOKHA IEPETBOPIOBATH YOPHO-O1Ie 300paKeHHS Y
KosbopoBe. CydacHi OXOPOHHI CUCTEMH BUKOPUCTOBYIOTHh INTYYHH IHTEIEKT JUIS PO3Mi3HABAHHS
o0Iryys.

VY cygacHHX cMapTPOHAX 3aCOOU IMITYYHOTO IHTEICKTY BUKOPUCTOBYIOTECS JIJISl IIOKPAIIICHHS
SAKOCT1 300paxeHb, OTPUMaHUX 3 POTOKaMepax (3MEHILICHHS IIIyMY Ta 1H.).

Jlnst po3nizHaBaHHA 00’ €KTIB BUKOPUCTOBYIOTHCS MOJIENII MAIIMHHOTO HaBYaHHA. OnHI€IO0 3
takux mMojeneit € TensorFlow Lite Object Detection [1]. Taka Mo/elb JI€TKO IHTEIPY€ETHCS B IPOSKT
Android nqonatky.

Meta poboTm — aHaii3, AOCIIPKEHHS Ta BUKOPUCTaHHS 3aCO0IB IITYYHOTO IHTENEKTY Yy
Android nonatkax s BU3HaYCHHS 00’ €KTIB Ha 300pa)KEHHAX, 3aXOIICHUX KaMepOK MOOIIEHOTO
MIPHUCTPOIO.

3amayl TOCHIIKEHHS:

-BUBYEeHHS MoxummBocTeit TensorFlow Lite Object Detection mist Bu3HaueHHS 00’€KTIB 3
300pakeHb;

-BUBYECHHsS MoxuiuBocTedt CameraX st 3axorjieHHs 300pakeHb 3 KaMepH MOOiTbHOTO
PUCTPOIO;

-MIIKJIFOUEHHS Ta BUKOPUCTAHHS TOTOBOI MOJIENIi MAITUHHOTO HAaBYAHHS JJISl PO3Mi3HABAHHS
00’€KTIB 3 300pakeHb, 3aXOIJIEHUX KaMePO MOOUIBHOTO MPUCTPOIO;

-po3pobka Android momaTky s I1eMOHCTpaIlii poOOTH MOJENi MAITHHHOTO HaBYaHHS IS
pO3Mi3HaBaHHS 00’ €KTIB.

O0'eKT a0CaimKeHHs1 — MOJIe)Ib MallIMHHOTO HaByanHs TensorFlow Lite Object Detection.

IMpeamer gocizKeHHsT — aHAI3, JOCITIHKEHHS Ta BUKOPUCTaHH Mojeli y mpoekti Android
JOJaTKy JJIs po3Mi3HaBaHHA 00’ €KTiB 3 300paXkeHb, 3aXOIUIEHUX KaMepOr0 MOOIJILHOTO IPUCTPOIO.

OIIIUC MOXKJUBOCTEM KJIACY CAMERAX JIJISI 3AXOILVIEHHS TA OBPOBKH
30BPAKEHD

Kiac CameraX [2] mae Garato MOJIHMBOCTEH JJIsl 3aXOIUICHHS Ta 0OpOOKH 300pa)keHb 3
kamepH. BiH 3HauHO crpoliye mporec po3poOKH Ta € e)eKTHBHUM PIlIEHHSM ISl OTPUMAaHHS Ta
00poOKH 300paXkeHb 3 KaMepH y peabHoMy daci. CameraX miaTpumye AeKiTbka MOKIHBOCTEH IS
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poboTH 3 300pakenHsmu. A came Prewiew, Image Analysis, Image Capture ta Video Capture. s
pO3Mi3HaBaHHs 00’ €KTIB OyJI0 BUKOPUCTAHO pexxuM pobotu Image Analysis.

Leit pexxum poOOTH JO3BOJSIE 3aXOIUTIOBATH 300paKEHHSI Ta OJHOYACHO iX e(EeKTHBHO
00po0IISITH 32 JOMIOMOTOI Pi3HUX 010i0TeK, 00 3 BUKOPUCTAHHSIM 3aC001B MOJIENIel MAIIMHHOTO
HaBYaHHSI.

[Ipu npomMy He TOTPIOHO CTBOPIOBATH SKUXOCH JOJATKOBHX MOTOKIB Ui OKPEMO st
3aXOIUICHHS Ta 00POOKH 300paKeHb 3 KaMepH MOOITLHOTO IIPUCTPOIO.

Jus  Buxopuctanas wmoxumBoctedt CameraX y mpoekTi MOOITBHOTO TOAATKY 3
BukopuctanusMm cepenopumia Intellij Idea [3] neobximuo y gradle momaTi HACTYIHI 3a71€KHOCTI Ta
3pOoOUTH CHHXPOHI3AIiI0 MPOEKTY (PUCYHOK 1).

© MainActivityjava ObjectsDetectionClasskt @ labels.txt [ gradle properties build.gradle (app) ~ v

def camerax_version = "1.1.0-alphad8"

implementation "androidx.camera:camera-core:${camerax_version}"
implementation "androidx.camera:camera-camera2:${camerax_version}"

implementation "androidx.camera:camera-lifecycle:${camerax_version}"
implementation "androidx.camera:camera-view:1.0.0-alphal4"

implementation "androidx.camera:camera-extensions:1.08.8-alphals"

implementation 'com.google.android.gms:play-services-vision:8.1.8"'

Pucynox 1 — HeoOxiani 3anesxnocti gradle ams podoru 3 Camerax

@dparMeHT MporpaMHOTo KOAY JUIs 3aXOIUICHHS 300pasKeHHS Ta MO0 MoIaIbIIIol 00pOOKH 3a
nornoMororo 3aco0iB CameraX HaBeI€HO Ha PUCYHKY 2.

& MainActivity java ObjectsDetectionClass kt # labels.oxt i aradle properties build.gradle tapp} # proguard-rules pro buildgradle (MyCan v}
o ~ v
imageAnalysis.setAnalyzer(ContextCompat.getHainExecutor( MainActivity.this),
I ] i 4 {
public void analyze(@NonNull ImageProxy image) {

Image img = image.getImage();

bitmap = translator.
translateYUv(img, ext: MainActivity.this).
copy(Bitmap.Config.ARGE_ 8838, true);

preview.setRotation(image.getImageInfo().getRotationDegrees());

Objutils.get_predictions(getApplicationContext(),bitmap, preview);

image.close();

+
1;

caneraProvider.bindToLifecycle( MainActivity.this, cameraselector, imageAnalysis, imageCapture);

-+

Pucynox 2 —®parmMeHT NporpaMHOro Kojay JUlsl 3aXOIUIEHHs Ta 00pOOKH 300pakeHHS 3
BuKopuctanasm Camerax
IHTETPALISA MOAEJII MAIIMHHI'O HABYAHHSA Y ITPOEKT MOBIUIBHOI'O
JOAATKY JJIsA PO3III3BHABAHHS OB’EKTIB

Jlnst posmizHaBaHHST 00’€KTIB Ha 300pa)X€HHSX, 3aXOIUICHHX 3a JOMOMOTOI KaMepu
MOO1IBHOTO MIPUCTPOIO Oyna BUKOpPHCTaHA MO/JIEITb MAIIXHHOTO HaBYaHHS
ssd_mobilenet_vl 1 metadata_1.tflite. Ii inTerparis B mpoext moBomi mpocTa. Heo6xinHo moaaTu
caM aiin Mozeni B Teky Ml mpoekTy MoOLIEHOTO T01aTKy (PHCYHOK 3).
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Project = h =T == & —

v g CameraXExampleObjectsDetection [MyCameraXExample] [

> .gradle
> Jidea
v % app
> build
libs

> androidTest

v main
> assets
> java
v ml

I e ssd_mobilenet v1_1_metadata_1.tflite ‘:IE

> res

we AndroidManifest.xml 06.0

> g test [unitTest]

~ nitinnara

Pucynok 3 — JlonaBanHs MOJIENI IO MIPOCKTY

Takoxx HE0OXiTHO oaTh OMUC 00’ €KTIB B aSSets (pUCyHOK 4).

Pucynok 4 — Onuc 06’€exTiB, SKi MOXK€ pO3Mi3HABATH MOJIEJIb MAIIMHHOT'O HABYAHHS

BUKOPUCTAHHA MOIEJII MAIIMHHOI'O HABYAHHS V1A PO3III3HABAHHSA
OB’€EKTIB

ObjectsDetectionCla:

Camera. leObjectsD i app  src main @ assets ' = labels.txt
5 Project v Q=T F 4 — € MainActivity.java
é v [ CameraXExampleObjectsDetection [MyCameraXExample] [ person
2 > [ .gradle bicycle
5 .
B > .idea car
o« v
Y app motorcycle
> build .
lairplane
5 libs
.2, bus
E v src )
- > androidTest [train
v B main truck
~ assets boat
& labels.txt 17.08.2022 17:07, 660 B A minute ago| itraffic light
> I java ifire hydrant
v Eml 222
e ssd_mobilenet_v1_1_metadata_1.tflite 17.02 stop sign
w > .
£ res parking meter
AndroidManifestxml 06082023 11:28,1.72 kB A
£ E X : bench
3 >[I test [unitTest] .
. bird
n o -gitignore 0208
build.gradle 17 cat
g = proguard-rules.pro 0 dog
3 > gradle horse
E  -gitignore 03 sheep
= build.gradle cow
11 gradleproperties 0 2 elephant
S = T
S logcat:  Logcat ar
@

JInst maKTIoYeHHsT MOJIeNl BUKOPHUCTOBYETHCS HACTYIMHHM (PparMEeHT MpPOrpamMHOrO KOy

(pucyHOK 5)
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labels = FileUtil.loadLabels(context, filePath: "labels.txt")
model = SsdMobilenetV1lMetadatal.newInstance(context)

Pucynok 5 — [ligknroueHHs: Mmoaeri

Jlns posmisHaBaHHS OOEKTIB Ha 300paKCHHAX Ta MaaroBaHHS Ha Hux bounding boxes
(BUILICHHST PO3Mi3HAHUX 00’ €KTIB MPSMOKYTHUKAMK) BUKOPUCTOBYEThCs QyHKIisi get_predictions
(pucyHOK 6).

copy(Bitmap.Config. ARGE_8488, ible: true) ;

ireview, setRotation(image.getImageInfo().getRotationDegrees());

| objutils qﬁf_p"‘!ﬂl:uﬂﬂs[q&[ﬂpnlica!'lﬂr\l:ar\!e):!(]‘I)H'Mp,ul*u\;|1'>v); |

image.close();

Pucynoxk 6 — Bukopucranus get_predictions mis posmizHaBaHHs 00’ €KTIB

dyukiis get_predictions mae HacTymHUE BUTIIST (PHCYHOK 7).

@Ivmstatic
fun get_predictions(context: Context, bitmap: Bitmap, imageView: TmageViem) {

val paint = Paint()

var golors = listOf<Int>(
Color.BLUE, Color.GREEN, Color.RED, Color.CYAN, Color.GRAY, Color.BLACK,
Color.DKGRAY, Color.MAGENTA, Color.YELLOW, Color.RED

)

vlateinit var labels: List<strings

lateinit war model: SsdMobilenetVllMetadatal

val imagePracessor =
ImageProcessor.Builder() . add(ResizeDp( taroetieight. 308, tagetWidth 300, ResizeDp.ResizeMethod.BILIN

labels = Fileutil.loadLabels(context, flefath: "Lapels. txt”)
model = SsdMobilenetV1iMetadatal newInstance(context)

var image = TensorImage.fronBitmap(bitmap)

image = imageProcessor.process(image)

val oUTPUTS = moUEL.process(image)

val locations = outputs.t ansAsTensorBuffer. floatArray

val classes = outputs.
val scores = outputs.s

var h = mutable.neignt
var w = mutable.width

1 18t
ht 8sf
ed { index, FL ->

if (FL > 8.7) {
var x = ingex

tColor (colors get(index))
= Paint.Style.STROKE

pa: =
canvas . drawRect (
RectF(
left: Tocations.get(x + 1) * w,
lop locations.get(x) * h,

night Locatiens.get(x + 3) * w,
bottorn: Lecations. gat(x + 2) % h
). paint
)
paint.style = Paint.Style.FTLL
canyss . drawText(

Pucynok 7 — ®@parment nporpamuoro koay gyukiii get_predictions

Takox I KOpekToi poOOTH MOOUIBHOTO MOJATKy HEOOXITHO JO0JaTh JI03BUT Ha
BuKopuctanus kamepu B AndroidManifest.xml (pucyrok 8)

sar. AndroidManifestxml e activity_main.xml € MainActivity java ObjectsDetectionClass.kt # labels txt 11 aradle.properties build. v
<?xml version="1.0" encoding="utf-8"?> v

<manifest xmlns:android="http://schemas.android.com/apk/res/android"
L xmlns:tools="http://schemas.android.com/tools">
| <uses-permission android:name="android.permission.CAMERA"/> I

Pucynok 8 — J103Bi1 151 BAKOPUCTaHHS KaMepH
HeoOXigHO TakoK 3ampOCHTH J03BiI Ha BUKOPHUCTAHHS KaMepH y KOpPHCTyBada y runtime
pexxumi (pUCyHOK 9).
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if (ContextCompat.checkSelfPermission( context: this, android.Manifest.permission.CAMERA)
1= PackageManager.PERMISSION_GRANTED) {
ActivityCompat.requestPermissions( activity: this, new String[] {android.Manifest.permission.CAMERA},
PERMISSION_REQUEST_CAMERA);
} else {

Pucynok 9 — 3anut n03B0Jly Ha BUKOPUCTAHHS KaMepu

PesynbraT posmizHaBaHHS 00’€KTiB 3 KaMepu MOOUIBHOTO MPUCTPOIO y peabHOMY dYaci
HaBeJleH1 Ha pucyHky 10.

MyCameraXExample

MyCameraXExample

Ee

MyCameraXExample

2@

MyCameraXExample

Pucynok 10 — Pe3ynbratu po3nizHaBaHHsS 00’ €KTiB 3 OTPUMAHKUX 3 KaMEPH MOOLIBHOTO IPUCTPOIO
y pealbHOMY 4aci

BUCHOBKHA

B pesynbrari BukoHaHOi pobGoTH Oyno po3pobieno moOinsHuit (Android) momarok. Llei
JI0JIaTOK 37]aTE€H 3aXOILTIOBATH Ta 00po0JIATH 300pakKeHH 3 KaMepu y peallbHOMY Yaci.

Jlns 3axoruieHHs 300paxeHb OyB BHkopHucTaHuil kiac CameraX. [Ing opHouacHOro
pO3Mi3HaBaHHS 00€KTIB BUKOPHUCTOBYBAJIACS MOJEJIb MAaIIMHHOIO HaBYaHHS
ssd_mobilenet v1 1 metadata_ 1.tflite.

Takoxx HaBeleHO pe3yJIbTaTH pO3MI3HABaHHA OO0’€KTIB Ha 300paXEHHAX 3 KaMepu y
peasbHOMY Yaci.

CIINCOK IMOCHUJIAHb
1. TFLiteDetection [Electronic resource] — Availble at: https://github.com/joonb14/TFLiteDetection
2. CameraX Overview [Electronic resource] — Availble at: https://developer.android.com/training/camerax
3. IntelliJ IDEA - the Leading Java and Kotlin IDE [Electronic resource] - Availble at:

https://www.jetbrains.com/idea/
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YJIK 004.032.26

Boasincekuii €.B., Koctiok C.O. (Xapxiecvkuti nayionanvhuil yHigepcumem paodioenieKmpoHiKi,
Xapxis, Ykpaina)

IHAPAMETPUYHA IJEHTU®IKALIIA AJAIITUBHUX AKTI/IBUAIIII‘/JIHI/IX ®YHKIIIA B
IHOIMEPEJHBO HABYEHUX MOJEJIAX IITYYHUX HEUPOHHUX MEPEX

Anomayia: B pobomi poszensoaemvcsi numanms AaeMOMAMUYHO20 6USHAYEHHS Napamempié aoanmueHux
AKMUBAYIUHUX QYHKYI 8 20MOBUX MOOEAX, WO MAIOMb CIALYy CMPYKMYPY ma CUHANMUYHI napamempu. Y eunaoxy
bacamoulapogoi Mooeni wmyuHoi HeUpPOHHOL Mepedic, 3MIHA 00H020 3 WAPI6 SUKIUKAE He0OXIOHICMb adanmayii 6cix
nOOAILWUX UAPI6, a Omdice 86e0eHHs A0ANMUGHUX AKMUBAYIIHUX YHKYIU 6 ICHYIOYY MOOelb nompedye 06epeicHol
iHiyianizayii napamempie akmueayitiHux QyHKYIl 015t 30epedceHHs anpoKCUMAYIIHOT 30amHOCMI NONEPEOHbO HAGUEHUX
MmoOenetl. Takum 4YuHOM, NPONOHYEMbCA NIOXI0 2padicHmuoi onmumizayii 01 OOpPAHHA 3HAYEHb NaApamempie
axmusayiinux @yukyiu. Pesyremamugnicms ma nomeHyiuni 0omedxnceHHs nioxo0y 00CHiONHceHi eKCnepuUMeHmanbHo Ha
npuxnadi mooeni KerasNet ona xracugixayii 306pasicens. 3 memoro oyinku 30amuocmi @yHKyil 00 adanmayii,
nouamkosa ¢opma adanmunux @QyHKYill 0Opana max, wo 60HA He NOBMOpIE @opmy Qikcoganux GyHKyit 6
opuzinanvhii modeni. Knouogi croea: wmyuna HeupoHHA Mepedcd, a0anmuend akmuayilina (QyHKyis, 0o8edeHHs
Mooeri.

Abstract: This paper investigates the topic of automatic parameter identification for adaptive activation
functions in pre-trained models, i.e., models with pre-determined structure and synaptic weight values. In the case of a
multi-layer neural network model, a change in one of the layers requires adapting all the following layers, so introducing
adaptive activation functions into an existing model requires careful initialization of the activation function parameters
to keep the approximation qualities of the pre-trained models. The gradient optimization approach is proposed as a
solution for selecting the activation function parameter values. The experiment studies the performance and potential
limitations of the proposed method using the KerasNet image classification model. The experiment sets the initial
activation form and parameters to differ from the form of fixed functions in the original model to evaluate the adaptive
properties of activation functions. Keywords: artificial neural network, adaptive activation function, model fine-tuning.

Beryn

AxTuBaIiifH1 QYHKII] € OJTHUM 3 KIIFOUOBHUX OJIOKIB B MOJIEIISIX IITYYHUX HEHPOHHHUX MEPEK
(ILTHM). Knacuyni akTuBamiizi ¢pyHKii, 30kpema — cirma-(yHKIIis1, y CBOiH Cynepro3uiii HalaTh
MOJIEJISIM BIIAaCTHBOCTEH yHiIBepCcalbHOTO anpokcumartopa [1]. B Toit xe vac, pi3HOMaHITHI KyCKOBO-
miniiHI GyHKii, sk-ot ReLU [2], PReLU [3] Ta inumi, mmpoko 3acTocoByoThes B riinbokux [ITHM
yepe3 iX OOUYMCIIOBajJbHY IMPOCTOTY, JIETKE MPOXOJKEHHsS iH(popMalii 0e3 e(eKTiB 3HMKar4oro
rpajieHTy, a TAKOX X (PaKTHYHY JOCTATHICTH B MPUKIIAJHKUX 337a4ax 00poOku naHux [4].

AnanTuBHI aKTHBaliiHI (QyHKIIT JO3BOJISAIOTh MOKPALIUTH aNpOKCHMALIWHI 3aTHOCTI
Mepexi [5] HuIxoM Jo1aBaHHs aJanTHBHUX MTAPaMETPIB, IO Mi/TAIITOBYOThCS B POLIEC HABYAHHS
Ha [[IJIbOBOMY Ha0Opi 1aHuX. AIalITUBHI aKTUBAIiHI (QYHKIT BIIPI3HAIOTHCA 3@ CBOEIO IPUPOJIOI0
Ta 6a30BUMH OJIOKaMH, 3 IKMX BOHU cKianaroTbes. Hampukian, AHAF [6] mae B cBoiif OCHOBI cirma-
¢ynkuito, PReLU — komOiHariro niHifHUX (yHKIINA, a ¢GyHKis aktuBamii F-nelipony [7] —
CYIIEPIIO3UIIII0 HEUITKUX (YHKIINA HAJIeKHOCTI, TOMHOXEHHUX Ha aJlalTUBHUN KOE(]ILlI€HT.

[IpakTiuHe 3acTOCyBaHHS aJalTHUBHUX AKTUBAIIMHUX (QYHKILIM yCKIIaJHEHE BIiJCYTHICTIO
nonepenHbo HaBueHHX (pre-trained) moxpenei 3 TakuMu (QyHKIISIMH, O 0OMEKY€E BUKOPHCTAHHS
MeToiB foBeeHHs mapamerpis (fine-tuning) Ta waB4yaHHs 3 mepeHeceHHsM iHpopmartii (transfer
learning) [8], a oTke mpu3BOANTH 10 NOTPEOU B TOJATKOBOMY Yaci Ta pecypcax Ha HaBYaHHS TaKUX
Mozenel 3 Hysst. OTHUM 13 METO/I1B TIO/IOJIaHHS TAaKWUX MPoOJIeM € 3aMiHa (DIKCOBAaHWX aKTHUBAIIHUX
¢yHKIii Ha X ekBiBaneHTHI 3aminu [9], sik-oT 3amina ReLU na PReLU, a6o SiLU [10] na AHAF,
OJIHaK ICHYIOYl METOAM MependauvaroTh pydYHUH Mif0ip 3HA4YeHb MapaMmeTpiB JUIsl €KBIBaJEHTHOI
3aMiHU Ta 30€peKEeHHs PEIITH CHHANITHYHUX Bar Ta 1IapiB y HE3MIHHOMY CTaHi.

MeTtoro maHoi poOOTH € BUpIIIEHHS 3a/1adyl HmapaMeTpuyHoi iAeHTH]IKaIil aJanTHUBHHUX
aKTHBALITHKUX (QYHKLIHN U1 ICHYFOUMX MEPEX B aBTOMaTHYHOMY pexuMi B rporeci fine-tuning.
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1. Oco6uBOCTI 3aMiHU AKTUBANIHHUX (PYHKIIII

[ty4yHi HEHpOHHI MEpeki MOYKHA OMHUCATH SK CYKYIHICTh IIapiB HEHPOHIB, 3’€IHAHUX
c00010. Buxia K0’)KHOTO HACTYITHOTO mapy L 3aineXuTh BiJ BUXOAIB monepennboro mapy Li1. Koxen
map L MicTuTh B 001 Habip CHHANTUYHKX Bar Wi, III0 BA3HAYAIOTh BUXIJ] JIIHIMHOT YaCTHHU HEHPOHIB
Zj, a Ha OCHOBI JIIHIHHOTO CUTHAJy BHYTPILIHBOI aKTUBAIil Zj GOpMy€eThCS BUX1M )i HEMPOHIB IIapy
Li. B meperkax 3 mpsMuUM NOIMMUPEHHAM 1H(GOpMAIIii BUX1J Yn HEHPOHIB OCTAaHHBOTO mapy Ln hopmye
Ha0ip CUTHAJIB HAa BUXO/I BCIET MEPEXKI Y.

B 3aranpHOMY BHMajaKy, 3MiHa Oyab SKOTO 3 mapameTpiB Wi, We, ..., Wi BIUIMBAE Ha 3MiHY
BUXIJIHUX 3HAYCHb V1, V2, V3, ..., Vi BiAmoBigHuX mmapiB Li, Lo, ..., Li, 3MiHIOIOYH PO3MOIiIICHHS
3HAYCHb Ha BXOJaX X2, X3, X4,..., Xi+1, ..., Xn HACTYNHUX mapiB Lo, L3, ..., Li+1, ..., Ln. AHaNIOT14HO,

3amiHa aktuBaninHoi QyHkii fi(zi) B mapi Li Ha anbrepHatuBHY QyHKIIO (i(Zi) MOXE IPU3BECTH JI0
3MiHH PO3IOJIIIEHHS 3Ha4eHb HAa BXOAAX HACTYIHHMX IIapiB, IO BeAE A0 HOPYIICHHS MPOXOKECHHS
iH(popMarlii B MEpexi, a B OKpeMHUX BUIIA/IKaX — J0 MMOBHOI BTPATH MEPEKEI0 OaKaHUX BIACTHBOCTEH.
VY Takomy pa3i, 3MiHa CHHANTHYHUX Bar Ta aKTHBAIMHUX (YHKIIHA B MOMEpEIHIX MIapax MOxKe
notpeOyBaT KOPEKIii CHHANTHUYHUX Bar y BCIX HACTYNHHUX IIapax BIiAMOBIIHO O OHOBIIEHOTO
PO3MOIICHHS BX1THUX 3HaYeHb TaKHX IIapiB.

Takum ymHOM, B 3a7ayax JOBEACHHS MapaMeTpiB MEpexi Ta HABYaHHS 3 TEPEHECEHHIM
iH(dopMalii MPaKTUKYIOTh BIIKWIAHHS BCIX MIapiB MEPEXi, MOUYMHAIOUM 3 IIapy Lj, 3amiHsAI0uM 1X Ha
HOBI mIapw, iHimiamizoBaHoi 3 Hyns. [Ipu npomy momepenni mapu Li, Lo, ..., L1 3anumarorbes
HE3MIHHUMH, a 1X CHHANTHYHI Baru — ()iKCOBaHUMHU.

B 3anmavax 3amiHu akTHBaliiHUX (DYHKIIH Ha aganTUBHI MiAOMPAIOTHCS TakKi 3aMiHH, 100
opurinanbHa (yskmis fi(zi) sBasa coboro okpemuit Bumanok QyHKIi-3aMinu  gi(Zi), TOOTO
fi(zi)=gi(zi,pi), e pi — HanamTOBHI Mapamerpu agantuBHOI GyHkii [9]. Takum YUHOM, PO3MOAITCHHS
BXIJTHUX 3HA4Y€Hb Xi, ..., Xn-1, Xn mapiB Li, ..., Ln1, Ln 3amumaroTbcsi HE3MIHHUMH, IO J03BOJISE
MOBTOPHO BUKOPUCTATH BXKE ICHYIOU1 CHHANITHYHI TapaMeTpu Mepex1 Wi, ..., Wn-1, Wn 0€3 101aTKOBOI
ajanTanii Ta 6e3 BUKpUBIIEHHS 1H(OpMAIil Ha BUXO/1 MEpexi Y=yn.

Oxpemoro 3aauero MpH 3aMiHl aKTUBALIMHUX (YHKIIH € BU3HAUEHHS Habopy mapaMeTpiB Pi
byukit gi(zi,pi), sxi 6 103BONIsIIH 30eperTy alpOKCUMAIliHI 3IaTHOCTI MOJIEIN Ha 3aaHoMy Habopi
JaHuX. 3agada OOpaHHsS TaKUX MapaMeTpiB yCKIaaHroeThes, komu ¢yskmii fi(z) ta gi(zi,pi)
BIIPI3HSIOTBCS 338 CBOEIO MPUPOJIO0, TOOTO Koiu piBHsHHS fi(Z)=0i(Zi,pi) HE MOoxe OyTH BHpillIeHE
AHAIITUYHUM YMHOM. B TakoMy pa3i MO>KHa 3B€pPHYTHUCH JO MPOLELYpP ONTUMI3ALIT JUIsl BUPILLIEHHS
3amadi fi(zi) = gi(zi,pi), 30kpema — 710 TpaJieHTHUX iHTEpBa, ale i pAaay GyHKI# gi(Zi,pi), 30kpema
— Ui HewiTkoi akTuBanii [7], ymosu fi(zi) = 0i(zi,pi) MOXyTh OyTH JOCSTHEHI JIUIIIC HA BU3HAYCHOMY
IHTepBaNI 3HAYCHb Zi € [Zimin; Zimax|, € Zimin, # -0 TA Zimax # +00. TAKUM YUHOM, KPUTHUYHO
BOXKJIUBUM € BHU3HA4Ye€HHs IHTepBaJly 3Ha4eHb Zi € [Zimin Zimax|, 110 NOCTYNAIOTb Ha BXij
HeUWpoHiB wapy Li mepexi, 151 SKUX TOBUHHO BUKOHYBATHCH fi(Zi) ~ gi(zi,pi). st pemrtu sk 3Ha4eHb
Zi & |Zimin; Zimax] yMmoBoto fi(zi) ~ gi(zi,pi) MOKHA 3HEXTYBaTH, OCKIIbKH BOHHM HE BIUIMBAIOTh Ha
noxuoky E.

OnHOIO 3 OCHOBHHUX BJIACTUBOCTEH aJalTUBHUX AaKTUBALIMHUX (QYHKLIA € iX 31aTHICTbH
3MIHIOBaTH BJAacHI MapamMeTpu (popMH Ta aMILTITYIU B MPOLIECI HABYAHHS MEPEXKi, aAalTyIOUUCh 10
0CcOOJIMBOCTEM MOTOYHOT MOAENI, JaHUX Ta BHpIIIyBaHOI 3amadyi oOpoOku iHdopmarii. OOpaHHs
HetouHoi 3amind fi(Zi) # gi(zi,pi) A1 momepeaHbO HABYCHOT MOJEIi MPHU3BOAUTH 10 30UIbIICHHS
3Ha4YeHHs NOXMOKM E MixK OUiKyBaHMMU 3HAUYEHHSIM Ha BUXO/1 MEpexi Y Ta GaKTHUHUMH BUXOJaMHU
¥. 3a TaKuX yMOB JIOT1YHO MPUITYCTUTH, 110 TpH (iKcallii CHHaNITHYHUX Bar W=W1,W,...,Wn MOJIEJIi 3
BUKOPUCTAHHSM TPaJlieHTHOI MpOLEAypU cucTeMa Oynie 3MyIlIeHa aJanTyBaTH MapameTpu pj,...,Pm
0i(zj,pj); ---» Im(zm,Pm) A5 3MEHIIEHHS 3HAUYEHHS TOXUOKH E Ta onTuMi3aliii iboBOi YHKIIII.
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Takum unHOM, TTPOTIOHYEMO c(hOpMyBaTH 3a/1a4uy MapaMeTpUIHOI 11eHTH(IKaI] TapaMeTpiB
Pj,...,Pm amantuBHUX QyHKUIHA Gj(Z;,P;),..., Om(Zm,Pm) B MOMEpPEIHFO HABUCHUX MOJCISAX y BUTIISAIL
TPalieHTHOI TMpoleaypu onTumizamii 1iapboBoi ¢yHkmii E. Ilpy 1mpomy cuHANTH4HI Baru
W=W1,W2,...,Wn 30epiratoTbcs (IKCOBAaHMMH, a BUIBHUMH 3alUINAIOTHCS JIMIIE IapaMeTpu
aJaNTUBHUX aKTUBALIMHUX QYHKUINA Pj,...,Pm. s onTuMi3anii BUKOPUCTOBYETHCS OPUTIHATILHUN
Ha0ip JaHMX, Ha sKOMYy Oyjla HaTpEeHOBaHA BHXIJHA MOJIENb IITY4YHOI HEHPOHHOI MEpeiK.
BukopucToByIOUYHM OpHTriHAIBHUN HaA0Ip JaHHWX, CHCTEMa OTPHUMYE 3MOTY HAJIAIITYBaTH Pj,...,Pm
Oe3rnocepelHbO HAa TOMY HTEPBAIL AAHUX Zi € [Zimin; Zimax], 110 MA€ 3HAYE€HHH [J11 BUSHAYEHHH
BUXOJIB ).

HeobxifHOIO yMOBOW /[ YCHIIIHOTO HaJalITyBaHHS mNapaMeTpiB  Pj,....pm 3
BUKOPHUCTAHHSAM T'PAJII€EHTHOI MPOLEAYPH € MiAOIp TAKUX IMOYATKOBHX 3HAYCHB j,init;. . .,Pm,init, 1100
3a0e3neYnTH TpsiMe MPOXOKEHHs 1H(opMarlii BiJ BXOMIB X JI0 BHXOIIB MEpPEXki y=yn, TOOTO ISt
YaCTKOBHUX 3a IapameTpamu pj,...,Pm MOBHHHA BUKOHYBaTUCh yMoBa dgj(zj,p;)/dpj#0.

2. [InanyBaHHS eKCIIEPUMEHTY

I eKCHepUMEHTAIbHOTO TIATBEPIUKCHHS 3allPOMIOHOBAHOTO METOAY PO3TIIAIAE€THCS
npobJieMa nmapamMeTpuvHoi i1eHTUdIKaLil aIanTUBHUX aKTUBAIIMHUX (YHKIIM Ha IPUKIIAIl MO
HIHM KerasNet [11], naB4yenoi na nHabopi nanux CIFAR-10 [12]. Ha BinmiHy Bia JOCIHiIKEHb B
nomnepenHix poborax [9], movyaTkoBi 3HAYEHHS MAPaMETPIB Pjinit,...,Pminit GYHKIIH 0j(Zj,pj), ...,
Om(zm,Ppm) HABMHUCHO 0OMPAIOTHCS TAKUM YUHOM, 11100 fi(Zi) # Qi(Zi,Pistart), TOOTO MOYATKOBI 3HAYCHHS
napaMeTpiB He JO3BOJISIOTH 33J0BUILHUTH YMOBU €KBIBaJCHTHOCTI (QYHKIIN. Y SKOCTI aAanTUBHUX
¢yukuiit BukopucroByrotbess AHAF [6], LEAF [13], a Takox ¢yHKIis aktuBarii F-ueiipony [7].

3araiom, eKCIIepUMEHT IEMOHCTPYE 3[aTHICTh aJaTHBHUX aKTUBAIIIMHUX (DYHKILIN 10 3MiHH
napameTpiB BiIMOBIIHO 10 BUPilTyBaHO1 3a1a4i Ta apxitekrypu mozaeini ITHM. Ogaum 3 odikyBaHUX
pE3yJbTaTiB €KCHEPHUMEHTY € IOCTYIIOBA aJanTallis aJalTUBHUX aKTHBAIIMHUX (QyHKUIH TakuM
YHHOM, 1100 1X Gopma Ta aMIuTiTy1a HaraayBaiau GopMy Ta aMILTITYQy (iIKCOBaHUX aKTHBALIHHUX
¢byHKuUil B opuriHanbHii moaeni LITHM.

JInst TpaJieHTHOT TpOLeAypH BHKOPHUCTOBYEThcs omrumizatop Adam [14] 3 dikcoBaHOIO
MIBUAKICTIO HaBuaHHs 1e-3. OpwuriHaiabHi Mojeni 3 (IKCOBaHMMH aKTHBAIIMHUMH (QYHKIISIMU
HaByaroThcs npoTsrom 100 enox. ITicns 100 enox HaBYaHHS CUHANTUYHI Baru OPUT1HAIBHOT MOJE1
¢ikcyroTbes, a aKTUBALiMHI (QYHKLIT 3aMiHIOIOTbCA Ha aganTuBHi. [licas 3aMiHM, HaBYaHHA
OTPUMAHOI MMOX1THOT MOJIEJI TPOJOBKYETHCS MPOTAToM Joj1aTkoBuX 400 ernox.

3aMiHU, BUKOPHCTaHI B €KCIIEPUMEHTI, onrcadi B Tabmumi 1.

Tabmums 1
Jocaimxysani noxiasi Bapianti KerasNet 3 ananTUBHUMU akTUBALIHHUMU (QYHKITISIMU

OpuriHaigbpHa Mepeka [ToxigHa Mepexa
Ne ..

3ropTk. mapu [ToBHO3B. mapu 3ropTK. M1apu [ToBHO3B. mapu
1 RelL U fixed Rel U fixed RelL U fixed Fuzzy-as-Tanh
2 ReLU fixed ReLU fixed LEAF-as-ReLU LEAF-as-Tanh
3 ReL U fixed ReL U fixed ReL U fixed Fuzzy-as-Random
4 SiLU fixed SiLU fixed SiL.U fixed Fuzzy-as-Tanh
5 SiLU fixed SiLU fixed LEAF-as-SiLU LEAF-as-Tanh
6 SiLU fixed SiLU fixed SiL.U fixed Fuzzy-as-Random
7 SiLU fixed SiLU fixed AHAF-as-RelLU AHAF-as-RelLU
8 SiLU fixed SiLU fixed LEAF-as-ReLU LEAF-as-ReLU
9 ReLU fixed ReLU fixed AHAF-as-SiLU AHAF-as-SiLU
10 ReL U fixed ReL U fixed LEAF-as-SiLU LEAF-as-SiLU
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VY niacymKky:

- BapiaHTu 1-6 MOCHI/DKYIOTH aJanTallif0 aKTUBAMIMHUX (DYHKIIA IS HE CHOPIAHEHHX

akTUBaiHuX QyHKiH, s skuXx fi(zi) # gi(zi,Pistart);

- BapianTu 7-10 MOCHiPKYIOTh aIanTallito BiTHOCHO OJIM3BKUX (DYHKIIN, TS SKHX YMOBA

fi(zi) = 0i(zi,pi) BUKOHYETBCS 3a EKCTPEMAIbHUX 3HAYEHB Zi=300.

B Bapiantax AHAF-as-ReLU, LEAF-as-ReLU napamerpu aktuBauiinux (yHKiiii odpani
TaKUM YMHOM, 100 MaKCHMaJbHO OJIM3bKO MOBTOprOBaTH (popmy dikcoBanoi ReLU. B BapianTax
AHAF-as-SiLU, LEAF-as-SiLU — six Toune noBtopenHnst SiLU. ¥V Bapianti LEAF-as-Tanh — sik
TOYHE TMOBTOPEHHs Trimepbomiynoro Ttanrency (Tanh). VYV Bapianti Fuzzy-as-Random
BUKOPUCTOBYEThCS (YHKIIS akThBalii F-Helipony, mapameTpu sKoi iHimiaii30BaHi PiBHOMIpHUM
BUIIAJKOBUM posmoaiioM B miamaszonmi [-1,0; +1,0). ¥V Bapianti Fuzzy-as-Tanh ¢yukmis
iHiIiaTi30BaHa K KyCKOBO-JIiHIlHA arrpokcuMaitis Tanh Ha iHTepBasti BXigHux 3HaueHs [-4,0; +4.0].

B ycix excrieppuMeHTax mapameTpu aKTUBAIIHHUX (DYHKIIH € CIIJIbHUMHM JJIs1 BCiX HEHPOHIB
KokHOro 3 mapiB Lj. Takum uwmHOM, akTHBamiiiHi (yHKOIT B mporeci JOBEICHHS 3MYIICHI
aJIalITYBaTUCh 3 YPaxXyBaHHSIM BHXO/IiB BCiX HEHPOHIB mapy Li omHOYACHO.

Excnepument BukoHanuii Ha kowmm torepi 3 Nvidia RTX A4000, PyTorch 2.0.0 [15] ta
Python 3.10. Peanizamis CKCIIEPUMEHTY JOCTYyIIHA Ha GitHub: github.com/s-
kostyuk/aaf _identification, intepakTuBHuii 3BiT — 3a ocwitanusam: bit.ly/bk-learned-aaf-report.

3. AHaJii3 pe3y/IbTATIB eKCIIePUMEHTY

Pucynox 1 nemoHcTpye mporiec HaBuaHHS mnoxigHux BapianTiB KerasNet mig 1-3
nopsiakoBUMU Homepamu 1-3. OuikyBano, 3amina ¢yHkiii aktusaiii ReLU na Tanh ta Random
NPHU3BOJUTH JI0 3HAYHOTO IMOTIPIICHHS PEe3yJIbTaTiB POOOTH MEpEekKi HAa IMOYATKOBHX €IOXax
HaBYaHHS. 3 KOXHOIO €MOXO0, MapaMeTpu aKTUBALIMHUX (YHKIINA aganTyloThCs, IO JO3BOJIE
BITHOBUTH TOYHICTh Kiacu(ikamii. Tpeda Biamituth, mo LEAF-as-Tanh agantyerbes 10 HOBHX
YMOB 3Ha4HO MOBLIBHIIIE 32 KYCKOBO-IiHIMHI FUZZYy dyHKIii. MOXINBOIO NPUYMHOIO € IOYATKOBE
3HAYCHHS TapameTpa Pistart = 0, 0 0OMEXKYE IPOXOHKEHHS 1HPOpMAIIii Ta TPAIIEHTIB B MEPEKI.

3.01
Q E
= n 2.5 ;
> 0 4
g 52,0 :
= o <.U 7 t
g £ 5
© =151 ;
0 b= i
s 1.0 1 ZI—
1 p EXPRI Ry S GO
I
40 A 0.5 4 - 2 Qe S onp v 559w w8 Gvjons ahevete o
0 100 200 300 400 500 0 100 200 300 400 500
epoch epoch
—— Base, RelU, ReLU —-== Fuzzy FFN Shared, RelLU, tanh, tuned
—— AHAF Shared, ReLU, RelLU, tuned ===+ LEAF Shared, RelLU, tanh, tuned, P24SI
—--=- LEAF Shared, ReLU, ReLU, tuned, P24S|  ----- Fuzzy FFN Shared, ReLU, Random, tuned

Pucynok 1 — [Iporec HaBuanHs nmoxigHux BapianTiB 1-3 mogeni KerasNet

IlikaBo, mo 3a pe3yibTatamu JnoBeneHHs (yHkiii Fuzzy-as-Tanh ta Fuzzy-as-Random
HaOyBatoTh (hopM, noAioHUX 10 pyHKUINH ReLU, ToOTO mOBTOPIOIOTH hopMy aKTUBALIMHUX DYHKIIIN
B OpPUTIHATIBHUX MOJIETISIX Mepexki. PUCYHOK 2 eMOoHCTpye popMy akTUBaliiHUX QyHKIiH FUzZzy-as-
Tanh (a), LEAF-as-Tanh (6) Ta Fuzzy-as-Random (B), BiAmoBigHO, 3a pe3yIbTaTaMy HaABYaHHSI.
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a) 0) B)
Pucynok 2 — ®opma dynkuiii Fuzzy-as-Tanh, LEAF-as-Tanh ta Fuzzy-as-Random B mozaemnsix 1-3

[Mpu 3amini SiLU wa Tanh B BapianTax 4-6 mopmeni KerasNet cnocrepiraerbesi 3HauHe
HOTIpPIICHHS SIKOCTI MOZENI, II0 HE KOMICHCYETHCS JONATKOBUMH €IOXaMHM HaB4YaHHS. SIK 1y
Bunaaky 3 Bapiantamu 1-3, LEAF-as-Tanh noka3sye Haiiripury 31aTHICTH 10 3MiHU (opMH Ta
BIJTHOBJICHHSI XapaKTepUCTUK Moxeni. Pucynok 3 BimoOpakae mpoliec HaBYaHHS, a PUCYHOK 4 —

bopmu QyHKITIH.
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@ 501 =
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0 100 200 300 400 500 0 100 200 300 400 500
epoch epoch
— Base, SiLU, SiLU —== Fuzzy FFN Shared, SiLU, tanh, tuned
——— AHAF Shared, SiLU, SiLU, tuned == LEAF Shared, SiLU, tanh, tuned, P24SI
—== LEAF Shared, SiLU, SiLU, tuned, P24S| -+ Fuzzy FFN Shared, SiLU, Random, tuned

Pucynok 3 — Iporiec HaBuaHHA MOXigHUX BapiaHTIB 4-6 mozaeni KerasNet
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2 2
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0-/ 0- | | e J | I—— 0-/
~2.50.0 2.5 -0 o0 -0 0 -l 0 -l 0 -10 0 ~2.50.0 2.5
a) 6) B)

Pucynok 4 — ®opma ¢ynkuiit Fuzzy-as-Tanh, LEAF-as-Tanh ta Fuzzy-as-Random B mozensx 4-6

B BapianTax mojieni 7-10 BUKOHY€ThCS 3aMiHa aKTUBalIMHUX (YHKIIIN Ha CIIOPiAHEHI, a came
—3ReLU na SiLU ta naBnaku. [1pu 3amini SiLU na AHAF-as-ReLLU ta LEAF-as-RelLU akruBartiiiai
GyHKLIT HE MOXKYTh YCIHILIHO aJlalTyBaTH BJIacHY (OpMy, L0 3yMOBJIEHO BEJIMKUM 3HAYEHHSAM Ta
C1abKUM TPaJIEHTOM OJTHOTO 3 IMOYATKOBUX MapaMeTPiB aKTUBALIMHUX (YHKIIIH, 1110 BIAMOBIAAE 32
dopmy (y anst AHAF ta p3 s LEAF). Tlpu 3amini ReLU na AHAF-as-SiLU ta LEAF-as-SiLU
CIIOCTEpITraeThCs YCIIIHA aJanTallis akTuBaiiHux pynkuii 10 gopmu RelLU.

Pucynku 5 ta 6 300paXkytoTh poliec HaBuaHHs MOXiTHUX Mozenel 7-8 Ta 9-10, BinmoBinHO.
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—— Base, SilLU, SiLU —=—~ AHAF Shared, ReLU, RelU, tuned
—— AHAF Shared, SiLU, SiLU, tuned === LEAF Shared, RelLU, RelLU, tuned, P24SI

—== LEAF Shared, SiLU, SiLU, tuned, P24SI

Pucynox 5 — [Iporec HaBuanHs moxigHux BapianTiB 7-8 moaeni KerasNet
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epoch epoch
—— Base, RelLU, RelU ——~- AHAF Shared, SiLU, SiLU, tuned
—— AHAF Shared, RelLU, ReLU, tuned ~  =----- LEAF Shared, SiLU, SiLU, tuned, P24SI|

—==- LEAF Shared, RelLU, ReLU, tuned, P24SI|

Pucynoxk 6 — [Ipouiec HaBuaHHs nmoxinHUX BapiaHTiB 9-10 moxeni KerasNet

Pucynku 7 ta 8 nokasyroTh popmu aktuBauiiinux LEAF B monensax 8 ta 10, BiamoBigHo.
BapianTtu 3 AHAF cxoxi 3a hopmoro, a TOMy 1X UTFOCTpallisl OMyIeHa It CTUCIIOCTI.
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Pucynok 7 — ®opma ¢ynkuii LEAF (cipum) B mozeni 8 B opiBHsHHI 3 ReLU (yopHuMm)
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Pucynok 8 — ®opma dynkiuii LEAF (cipum) B mozeni 10 B mopiBasiaHi 3 SiLU (qopHIM)

BHUCHOBKU

B poGoti mocnigkeHo NMUTaHHS MapaMeTpHyHOi i1eHTH]iKalii aflanTUBHUX aKTUBALIMHUX
GyHKII B aBTOMaTMYHOMY pEXUMI. 3alpornoHOBaHO (OpMyIIIOBaHHS 3ajadl MapaMeTpUyHOL
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imeHTrdikaIii akTHBainHUX (QYHKITINA SK 3a7a49i ONTUMI3allii mapaMeTpiB aKTUBAIIHHUX (QYHKITIH 3
BUKOPUCTaHHSAM TpPaJi€HTHOI MpOLEeAypu Ha 3agaHoMy HaOopi naHux. Bunineni ocobauBocTi
imeHTrdikaiii Ta 3aMiHM aKTUBaLIMHUX (DYHKIIH B MONEPEIHHO HABYCHHX MOJEISIX, 30KpemMa —
NUTAHHS HEEKBIBAJICHTHUX 3aMiH Ta BIUTUBY 3MiH B OJJHOMY 3 IIapiB HA BCl HACTYIIHI IIAPH MOJIENI.

Po6oTa 3anmponoHoBaHOTr0 METOY JOCIiPKEHA Ha MPUKJIali 3rOPTKOBOI IITY4YHOT HEHPOHHOT
mepexxki Ha Habopi CIFAR-10. EkcrnepumeHTalbHO BHU3HAYEHO, IO 3AAaTHICTH aJalTHBHOI
aKTHBAIIHHOIT PYHKIT 10 aganTallii BTaCHUX MapaMeTpiB 3HAYHOIO MIPOIO 3aJICKHUTh BiJl TOYaTKOBUX
3Ha4YeHb IapaMeTpiB aKTHBALUIKMHUX (yHKIiH. 3a yMOB BiANOBIAHOI iHiIianmizamii, aKTHBaIiiHI
GbyHKIIII BiIHOBIIOIOTH (OpMYy Ta aMILIITYAy, IO BiJIMOBIIAIOTh OPUTIHAIBHIN MOjeni. 3arajiom,
3arpONOHOBAaHUN METO/ J03BOJISIE BUKOHYBATH 1IeHTU(DIKALII0 B aBTOMAaTHYHOMY PEKUMI.

[Tonmanpie mokpamieHHsT pe3yabTaTiB Ta MPUCKOPEHHS BiTHOBJICHHS (OPMH aKTHBAIIHHOI
¢GyHKLIT MOXIIMBE 32 PaxyHOK BIOCKOHAJCHHS Mig0OpY MOYATKOBUX MapaMeTpiB aKTHBALIMHUX
byHKIN, crnporieHHs nepenayi iHGopmariii Mepexi, a TaKOX YCYHEHHS NEPEIIKOJ Ha MUIAXY
3BOPOTHOTO TOUIMPEHHS T'PA/II€HTIB B MPOLIECI HABYAHHS.
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Bopooean A. O. (Hayionanvnuii ynieepcumem «JIvgiécoka norimexuikay, Yrpaina)

3ACTOCYBAHHS HEMPOMEPEXEBUX TEXHOJIOT'TH 111 BUSIBJIEHHS TA
KJIACHU®IKAILIL MEPEJIOMIB HA PEHTTEHIBCHKHUX 3HIMKAX

Anomauin: Y cmammi 0ocnioxceno npobremy mouHocmi Kiacupixayii HAs8HOCMI nepenomy KiCmKU Ha
peHmeeHozpapiuHoMy 300padiceHHi. AKmMYyanrbHUM NIOX000M 88AHCAEMBCA 3acmocy8ants moodenel cimeticmeéa YOLO oaa
supiuienns 3a60anHnsa eudinenns oonacmi nepenomy. Penmeenocpaghivnum 300padicennss enacmuge HU3bKe 3HAUEHHS
KOHmMpacmy 8 cuny ix ¢opmysanusa. 3 memor niosuujenHs pe3yibmamie Kiacugixayii pos3eiaHymo pao memoodié
nonepeonboi 06pobKuU O NIOBUWEHHA KOHMPACMY MAaKux 300padxceHv. B x00i docnidscenns 6yno nposedeno 08a
excnepumenmu: 1) myromuriacose gusagnens 06 ’€kmis, Oe Qicypysano mpu Kiacu maxcKocmi nepeiomy, 2) 00HoK1acose
8UAB/IEHHA, 0e MOOelb MPEHY8ANACh HA BUABLEHH: €OUHO20 Kaacy “nepenom”. 3a8osaku nonepedHiti 00podyi 306pasicens
Ma 36YHCEHHIO MHOICUHU KIACI8 80ANIOCS 3HAYHO 30LIbWUmu NoKazHuky mounocmi Precision 3 64.8% 0o 85.2%, Recall
3 64.8% 00 73.5%, mAP50 3 63.3% 0o 79.9%ma mAP50-95 6ionosiono 3 26.0%00 34.2%

Abstract: The article examines the problem of the accuracy of classification of the presence of a bone fracture
on a radiographic image. The application of models of the YOLO family to solve the task of identifying the fracture area
is considered a relevant approach. Radiographic images are characterized by a low contrast value due to their formation.
In order to improve the classification results, a number of pre-processing methods were considered to increase the
contrast of such images. In the course of the study, two experiments were conducted: 1) multi-class detection of objects,
where three classes of fracture severity appeared, 2) single-class detection, where the model was trained to detect a single
class "fracture”. Due to pre-processing of images and narrowing of the set of classes, it was possible to significantly
increase the accuracy indicators of Precision from 64.8% to 85.2%, Recall from 64.8% to 73.5%, mAP50 from 63.3% to
79.9%, and mAP50-95 from 26.0% to 34.2%, respectively.

Beryn

Crporoani po3poOka Mojeneld rMOOKOTr0 HaBYAHHS IS MEJAMYHUX 300pakeHb € OJHHUM i3
OCHOBHMX HAIIPSIMKIB JIOCIIIKEHb HITYYHOTO 1HTEJEKTY Ta MAIIMHHOTO HaBYaHHS. 3a JOIIOMOI'00
X MOJIEJIel MOYKHA KJIaCH(iKyBaTH pi3Hi TUIIH 300paskeHb, Hanpukiaj peatreniscbki, KT ra MPT,
a TaKO>X BUSBIISITH MATOJIOTIIO Ta 1HILI 3MiHM, K1 HE 3aBXXI1 ITOMITHI JIFOJICBKOMY OKY.

Came ToMy po3poOKa MoieNe TIMO0KOTO HaBYaHHS JUTsl Kilacudikallii MeTuIHuX 300pakeHb
1 BUSIBJICHHS [1ATOJIOT1H € BaXKJIMBUM KPOKOM Ha LUIAXY O MOKPALIEHHS J1arHOCTUKYU Ta JIIKYBaHHS
3aXBOPIOBaHb. BUKOPUCTaHHS X MOJIENIEH MOKE TOTIOMOTTH IIOKPAIIUTH JIIKYBaHHS Ta M1ABHITATH
Horo e(eKTUBHICTD, 1110 MOKE MAaTH MO3UTUBHUM BIUIMB HA 370POB’s TA SKICTh KUTTS MAI[IEHTIB.

PeHTreHiBChKi 3HIMKM MEpeoMiB € OJHUMH 3 BUJIIB MEIMYHUX 300pa’keHb. IX BUABIEHHS
3aJMINAETHCS CKIIAJHUM 3aBIAHHAM I MEIWYHMX (haxiBILiB 1 BUMAarae 3HaYHUX 3yCHJIb Ta 4acy.
IO mepenom Moke OyTH HACTUIBKK HETIOMITHHM, IO MAIll€EHT MOXE HaBITh HE IM1I03PIOBATH, 110
BiH €. OnTHMI3allisi Ipolecy BUSBICHHS MEPEOMIB € BaXIUBOIO 33Jauelo, OCKUIbKM IBHJKA Ta
TOYHA JIIaTHOCTUKA € KPUTUYHO BAXKJIUBOIO JIJIsI TAIIEHTIB, SIK1 TOTPEOYIOTh HEBIAKIAAHOI METUYHOT
JIOTIOMOTH.

3asaya BUSBJICHHS NEPEIOMIB HAa pEHTIe€HOrpaMax 3aliMae CBOE MiCIl€ B HAYKOBUX poOoTax
Ta MUPOKO JOCTIIKY€EThCS, TaK Y CTaTTi [1] po3risiiaeTbes mpobdiaema jgokaiizalii Ta iieHTudikarii
3aXBOPIOBaHb HA PEHTICHOTpaMax XxpeodTa. MeToro JoCIiKEHHS € po3po0Ka Mepexi 1Jist 00'€KTHOTO
BUSIBJICHHS, SIKA TOYHO JIOKaJi3ye Ta Kiacu(ikye aHOMaJbHI IUISTHKH Ha PEHTreHorpaMax xpeora.
3anpononoBaHa mozenb, AC-Faster R-CNN, BUKOpUCTOBY€E I1HOOKe HaBYaHHS Ta MAa€ CTPYKTYpPY
3mutTa o3Hak Deformable Convolution Feature Pyramid Network ta crpykrypy 3axoruieHHs
anomauiit Abnormality Capture Head.

VY nocnigHUnbKii poboTi [4] 3ycusuia Oynu cupsMOBaHi Ha BUSIBJIEHHS OJHOTO a00 KiTbKOX
MepeJIOMiB B JIIKTHOBIA a00 MPOMEHEBiH KICTKaxX 3a JIOMOMOTOI0 TJIMOOKOTO HaBYaHHS, SIKI OyiH
HaBYEH1 HA PEHTreHOrpaMax BEpXHiX KIHIIBOK. 3alIpOMOHOBAHMI METOJ MaB JIBa OCHOBHUX €TaIlu:
MIPETPOLIECIHT, SIKUM BKIIIOYaB BUAAJTEHHS pajiorpadgiyHoro (oHy Ta NpuUOMpaHHS HEKICTKOBOT
TKaHUHH, T4 BUKOPUCTaHHA IMHOOKUX Mojenell HaBuaHHs, Takux sk RegNetX006, EfficientNet BO
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ta InceptionResNetV2, mis 06pobku 300paxkeHb, sIKi MICTATh TiIJIBKH KICTKOBY TKaHHHY, 3 METOIO
BUSIBJICHHSI OJTHOTO 200 EKUIBKOX MEPEeIOMIB JIIKThOBOI 200 IPOMEHEBOI KiCTOK.

Y poGoti [10] AOCHIIKYIOTh BHKOPUCTAHHSI TJIMOOKOTO HABYaHHS JUIS BUSBJICHHS Ta
kinacudikamii mepenomiB pebep Ha pEHTreHOrpaMax TIpyAHOI KIITKH. Y poOOTi aBTOpU
MIPEACTABISIIOTh JIBI Mojesi sl BUsBIeHHs nepeiomiB, AB-YOLOvS 1 PB-YOLOVS, sxi Oynu
HaBueHi Ta ouineHi Ha Habopi ganux EDARib-CXR. LIs cTpykTypa JeMOHCTpY€ MOKpaIIeHi MeTPUKU
Ha TECTOBOMY Ha0oOpi JaHuX, nocsraroun 3HadyeHHs AP30 Ha piHi 0.785.

VY crarri [17] AOCHIAHUKY PO3TIISAIAIH MOKIUBICTE BUKOPUCTAHHS TTMOOKOTO HABYAHHS IS
JIIarHOCTHKY Ta OI[IHKHA Ba)KKOCTI IMEPEIOMIB HUXKHIX KIHIIIBOK Ha 3BUYAMHUX peHTreHorpamax. s
PO3pOOKH TIarHOCTUYHHUX MOJIENIEH [T BUSIBJIICHHS Ta OL[IHKM OyJi BUKopucTani mepeka ResNet-50
Ta TpUILIET-TIIKa. Pe3ynbpTaTu mokaszanu, 1o Mojiei BUSBICHHS MalOTh BUCOKY Yy TIUBICTh Ta 100pY
cnenuivHiCcTh 1 IepesioMiB THO10(i0yIM Ta CTONH Ta MEPEBEPIIYIOTh Bi3yallbHY OLIIHKY HaBiTh
B1JI CTApIIMX PEHTTCHOJIOTIB.

MeTtoau TOCaiIKeHHS

B nanomy nocnimxenni Oyna Bukopuctana moaenb Y OLO 8-i Bepcii. YOLO, a6o “You Only

Look Once”, — ne momyisipHa MOZENb JUIsl BUABICHHA 00’ €KTiB, BiJOMa CBOEIO IIBUJAKICTIO Ta
ToyHicTiO. Ll Mozmenb € OIHOPAa30BUM JETEKTOPOM, IO POOWUTH TaKi MOAEN OOYMCIIIOBATBHO
e()eKTUBHUMH.

Monens YOLO npononye BUKOPUCTOBYBAaTH HACKpi3HY (end-to-end) HEHpOHHY Mepexky, sKa
pobuthk mependadeHHs pamMok 00’ekTiB (bounding boxes) i WMOBiIpHOCTEH KIJIaciB OJHOYACHO.
JoTpumyrounch Takoro miaxoay 1o BusiBneHHsS 00’ekTiB, YOLO pocsirma nyke BHUCOKHX
pe3yIbTaTiB, 3HAYHO MEPEBEPIIUBIIHN 1HIII AITOPUTMHU BUSBJICHHS 00’ €KTIB y peaJbHOMY Yaci.

3 momenTy nepuroro Bumycky YOLO B 2015 poui Oyno po3pobiieHo Kibka HOBUX Bepciid
mieiMoieNi, KoXHa 3 sSKHX 0a3yeThCs Ta BIOCKOHAMIOE momepeanro. OcrtaHHs ii itepamis Oyna
BumymieHa y 2023 poi i3 Homepom Bepcii 8. Ocbh XpOHOIIOTIs, fKa 1eMOHCTpYy€e po3BUTOK YOLO 3a
OCTaHHI POKH.

YOLO-v8

2016 2018 2020

o @ o @ @
2015 2017 2019 2021 2022 2023

YOLO-9000
10102
Puc.1. Xponosnoris po3sutky YOLO
Tox MoxHa Mo6ayuTH, 110 AaHA MOJIENIb HE MTPOCTO MOMYJIAPHA W KOPUCTYETHCS YCIIXOM, a
1 Ma€ BeTMKU TOTEHIIIal 715 mokpaieHHs. Came ToMy Jutst JaHO1 poOoTH OyJia BUOpaHa 1151 MOJIEIb.
Apxitektypa YOLO ckinanaerbes i3 3 OCHOBHUX YaCTHH:
® Backbone (xpeber) - 3ropTkoBa HEHpPOHHAa Mepexa, sika o0’eaHye Ta (opmye
XapaKTePUCTUKH 300paKEeHHS 3 PI3HOIO JIeTalli3aLli€lo.
® Neck (mms) - cepist mapiB Ui 3MINTYBaHHS Ta KOMOIHYBaHHS (YHKIIIM 300paskeHHs,
106 nepenary ix y nepeadoayeHHs.
® Head (ronoBa) - cioxkuBae (pyHKIIIT 3 KT Ta BUKOHY€E KPOKH Mepe0adeHHs paMOK Ta
KJIacy.

Ome-Stage Detector
Inpur | Backbone ] Neck [ Demse Prediction

- m|h|
|
|

Puc.2. Apxitexktypa YOLO
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AnTOopuTM IpHiiMae 300pakeHHs Ha BX1J a TOTIM BUKOPUCTOBYE MPOCTY TNTMOOKY 3rOPTKOBY
HEHPOHHY MEpEeXy Ui BUSABIEHHS 00’€KTiB Ha 300paxkenHi. AnroputM YOLO pginmuth BXigHe
300pakeHHs1 Ha citky NXN. SIkmo meHtp o0’€KTa MOTparuiie B KIITHHKY CITKM, LIS KIITHHKA
BIJINOBI1/1a€ 32 BUSIBJICHHS IIbOTO 00’ €kTa. Ko)kKHA KIIITHHKA CITKH Iepeadadae mpsiMOKY THUKA-PAMKH
1 OLIHKK JOCTOBIPHOCTI ISl IUX MPSMOKYTHHKIB, 110 MO3HAYAIOTH BIEBHEHICTh MOJIEIi B TOMY, IO
paMKa MICTHTh 00’ €KT JTAaHOTO KJIacy.

YOLO mosxe nependayaT Kilbka paMOK Ha OJHY KIITHHKY ciTku. YOLO npuznavae onuH
NPEIUKTOP, KU OyJie «BiIMOBITAJIBHUMY 32 BHUSIBICHHS 00’€KTa HAa OCHOBI NMPOTHO3Y, SKHH Mae
HaiiBumuii norounuii IOU. 10U, a6o Intersection Over Union, — 1e¢ MeTpHKa OLIHKH TOYHOCTI
BUSIBJICHHSI 00’€KTa, sIka 0OpaxoBYye MEPEKPHUTTS NependadyeHoro perioHy o0’€KTa i3 CIpaBKHIM
(BpyuHy J0AaHa paMKa, JUIsl HaBYaHHs). YuM OiJIbIlie MEePeKPUTTS, TUM Kpallla OLliHKa.

Intersection over union

Intersection over union : IOU

Taka poGora anropuTMy NPU3BOAUTH JIO CIIEiali3amii MiX MpeauKTopaMu pamku. Koxen
MPEIUKTOP CTa€ KpalluM Yy MPOTHO3YBaHHI MEBHUX PO3MIpiB, Mpomopiiid abo KiaciB 00’€KTiB,
MOKPAIIYIOYH 3arajibHy OLIHKY 3araM’ ITOBYBaHHS.

Hao6ip gaHux Ta ioro o6po6ka

JI1st 11bOTO OCTIIKEHHST OyJIO MPOaHali30BaHO JCKIIbKA JaTaceTiB, Takux sk “FracAtlas”
[12], “bone fracture detection using x-rays” [9], “fracture types” [14], “long bones x rays” [16] Ta
“long bones x rays” [16]. KoxeH 3 HUX BIIpsI3HABCA KUIBKICTIO KJIaciB, pO3MIPOB BUOIPKH, HASIBHICTIO
Yi BIJCTHICTIO aHOTAIllil Ta SKICTIO 300paxeHb. [ momanpmioi poboTH Oyino BUPIIIEHO
00’eHyBaTH HAOOpU JaHUX, 3aJUIsl 30UIBIIEHHS HAaBYAJIbHOI BHOIPKM Ta OLIBIIOrO PI3HOMAHITTS
BU/IIB Ta MiCIIb TIEPEIIOMIB.

Takox st caMOoro HaBYaHHS MOJEINI MOTPIOHO BKa3zaTh aHOTAIli (SKIIO iX HeMae), oo
MOJIeNb “po3yMina”, e 3HaXOAUTHCS NOTPiOHUI HaMm 00’ eKT. [[71s 1bOoro Mo’kHa BUKOPUCTATH TOTOBI
BeO-3acTocyHku [18], siki Habararo moJermytoTh podoty 3 aHotarismu (labeling) no 300paxeHsb.
JlaHuii mpoliec BUMarae TpoXu py4Hoi poOoTH.

[Ticns 3aBepiieHHs aHOTalii 300pakeHb JlaHl PO BCTAHOBJIEHI PaMKU €KCIIOPTYIOTHCS B
cnernianbHoMy (opmari, skuii ouikye YOLO. Lle € tekctoBi (.txt) daiinu, mo Ha3BaHi 3a iM’IM
BIJIMOBITHOTO 300paKE€HHsI, Kl MICTATh 5 3HAYCHB: MOPSAIKOBHI HOMEp Kiacy Ta 4 KOOpJIWHATH
paMKwu.
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Tabmus 1. Ipukman TeryBaHHsS 300pakeHb IS HAaBYAHHS

OkpiM 1bOro 6yJI0O 3aCTOCOBAHO MHOMNpEJHI0 0OpPOOKY 300pakeHb AJs1 36i/blIEeHHS
koHTpacTty - CLAHE, a6o Contrast-Limited Adaptive Histogram Equalization. Lleii meTop,
3aCTOCOBYETHCA AJ151 NOKpallleHHs] KOHTPACTHOCTI 300paKeHb, 1110 JJa€ 3MOTy MoJieJi iTKile
BUJIJIMTH CKeJleT Ha peHTreHorpamax. lled MeToJ BiApI3HAETbCA BiJ 3BHYAWHOIO
BUPIBHIOBAHHA TriCTOrpaMHy THUM, L0 aJalTUBHUN MeTO/, 00YMCJIIOE KiJibKa ricTorpaM, KoxHa
3 SKHUX BiAnoBifjae okpeMil AinsHLI 300pakeHHs, i BUKOPUCTOBYE IX [Jisl EPEePO3NOJIiay
3HaueHb CKPABOCTi 300pakeHHs. TaKUM YMHOM, BiH MOXKe MOKPAIIUTH JIOKaJbHUM KOHTPACT
i NOKpaUIUTH YiTKICTh KpaiB y KO>KHil 00J1aCTi 306pakeHHS.

Pe3ysibTaTH
Jlis MyJbTUKIACOBOTO BHUSBIIEHHS TEpeioMiB Oyl BUKOpHCTaHa KOMOiHalig 13 JIBOX
nmatcetriB — “fracture types” [14] Tta “long bones x rays” [16]. Lleit HaGip Mae Tpu KiacH siKi

IO03HAYal0Th CKaJHICTb nepeiaomMy: A — 1 Touka neepiiomy, B — 2-3 touku, C — Ounblie 3 TOUOK.
Ominka pe3yibTariB Oyae BinOyBaTucCs 3a KilbkoMa MeTpukamu: Precision, Recall, mAP50, mAP50-
95. Mojernb moka3ajia HaCTYIHUI pe3yJsbTaT Mo MeTpukax: Precision — 64.8%, Recall — 64.8%,
MAP50 — 63.3% 1a mAP50-95 — 26.0%. 11i 3Ha4eHHs MOXKHA IHTEPIPETYyBaTH HACTYITHUM YHHOM:
JaHa MOJIETTb Ma€ TIOCEPEIHIO TOUYHICTh Ta MOXKE TOYHO KIach(iKyBaTH OibIIY YaCTUHY BUMAKIB, 3
SAKUX HalKpaiie kiacugikye mepimii Kiac.

TaOnuis 2. 3HaueHHs] METPUK JUIs KJIAciB

Knac Precision Recall mAP50 mAP50-
95

BCi 0.648 0.648 0.633 0.26

A 0.662 0.752 0.704 0.264

B 0.576 0.559 0.563 0.223

C 0.704 0.632 0.632 0.293

[TprunHaMu nocepeiHixX pe3ysibTaTiB MyJIbTHKJIACOBOTO BUSBICHHS IIEPEIOMIB MOXYTh OyTH
HACTYIIHI MOMEHTH: 1) HEJZOCTaTHBbO SIKICHI 300pa’keHHS — JesiKi 300pakeHHs OylIM HHU3bKOIO
po3uupeHHs, 2) komOiHalliss — Habip OyB CKOMOIHOBaHMH 13 2 iHIIMX HAOOpIB, AKI MaJM CXOXI
KJIacH, TIPOTe iX KUIBKICTH Oyna pi3zHa (B omHOro 3 Kjacu, B iHImOTO 9), 3) a”HoTamii — BaXXKO
CTBEpKYBaTH, aje € HWMOBIPHICTb, 10 HAOOPH JAaHUX Y BIAKPUTOMY IOCTYI MOXXYTb MAaTH
HEIOCTaTHHO KOPEKTHO MPOCTABJICHI KIJIACH.

HopwmarnizoBana confusion-matpunis (puc.5) mokasye, mo A0BOdI Oarato 300paxeHb 0e3
nepenomiB (background) 6yno nepenbaueni sk kinacu A ta B, mjo miaTBepakye Haxui 10 Kiaacy A.
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Confusion Matrix Normalized

Predicted

~-03

background

i v i W -0.0
A B c background
True

Puc.4. HopmanizoBana confusion-marpuiis

Precision-Recall Curve

1.0
—— A 0.705
B 0.567
L ——— C0.567
0.8 = all classes 0.613 MAP@0.5
0.6 /M
= L Y
2 L
0 1
=
@
a
0.4
0.2
0.0
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Puc.5. I'padik kpuBoi Precision-Recall

Ha tpenyBanbHili BuOipIi (puc.7) MU MOXKEMO CIIOCTEpiraTé cradiibHe criagaHHs (QyHKITIT
JUIs iepeOadeHHs paMKH, IS epe10aueHHs Kacy MOKHA IIOMITUTH pi3Ke 3HM)KEHHS Ha 75 ernoxax.
[le MOHA TOSICHATH THM, 110 Ha 75 €M0Ci BKIIFOYA€THCS MO3aiuHa ayrMEHTAIlis, 10 JT03BOJISIE Kpallle
HABYUTHUCH MOJIENI PO3PI3HATH KIIACH.
train/box_loss train/cls_loss

—e— results
----- smooth

1.5 1

) 100 0 100

Puc.6. I'padix pyHKIiT BTpaT Ha TpeHyBalbHINA BUOIPII
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Tabmuus 3. Ipuknanu podoTu Mozeni
OpuriHan [lepenbaueHHs

Takox OKpiM MyJIETUKIIACOBOT'O TPEHYBAHHS OyJIO IPOBEICHO EKCIIEPUMEHT 3 OJTHIM KJIacOM
— “nmepenoM”, SKMM MaB Ha MeTI NEPEBIPUTH TOYHICTh ONPUIUIEHHS MiICLs mepeiomy, 0e3
knacudikamii TsokkocTi. TpeHyBaHHs BimOyBayiocst Ha jgaraceti “Bone fracture detection” [7]. B
pe3ybTaTi MOJIENb MMOKa3aia HACTYIHUU pe3ysbTaT Mo meTpukax: Precision — 85.2%, Recall —
73.5%, mAP50 — 79.9% 1a mAP50-95 — 34.2%.

Jlanuii HaOip MaHWX, MaB 300pakKeHHS Kpamloi SKOCTi, IO TaKOX JOMOMOTJIO Lid MOAEemi
HEPEBUIIUTH PE3YJIbTaTH MEPIIOr0 EKCHEPUMEHTY, W0 IO0Ka3ye BaKIMBICTh BHOOpY SIKICHOTO
JlaTacery.

Ha xpusiii Precision-Recall moxxHa cnocrepiratv a0BOJi JTOBTHil MPOMDKOK 3 BHCOKHUM
Precision, 1o 03Ha4ae BUCOKWH IIAHC MPAaBUIBHOTO NependadeHHs kiacy. [Ipote i3 30inpmeHAsIM
3HayeHHs Recall € cyrTeBe 3MeHIIeHHs TouHOCTI Precision.

Precision-Recall Curve

1.0
—— Fracture 0.798

m— 3|l classes 0.798 mAP@0.5

0.8

0.6 4

Precision

0.4

0.2

0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Puc.7. I'padix kpusoi Precision-Recall
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Tabmuus 4. [puknaan nependadeHb 0 THOKIACOBOT MOJIET1
[Iepenbauenus

Opwurinain

‘
\i
AN

SIKICTh MEOUYHUX IOCIYr € Iy)K€ BAKIMBHUM acleKTOM, OCKUIBKH YUM TOYHimie Oyje
BU3HAYCHUH JIIarHO3, TUM KpaIle MpOoiIe JIIKyBaHHs, @ YMM MIBHIIE Oy/1e BU3SHAYCHHH /11arHO3, TUM
OlyIblIIe 1IaHCIB BYACHO HA/IATH JOMOMOTY B JIIKyBaHHI, YU HaBITh 3aM100IITH XBOPOOI.

Y nmaHoMy JOCIHIDKCHHI JJIsi IMOCTaBJICHOI 3ajmadi Oyia BuUKopucTaHa mozens YOLO
OCTaHHBOI Bepcii. MynbTHKIIacOBa CTpaTeris, sKa rnepeadavana TPEHYBaHHS MOJIENl Ha JarTaceTi i3
TPhOMA KJIaCaMH, TIPOJAEMOHCTPYBaIA IOCEPEIHI pe3yIbTaTH. L[ Mo/ieb BUSBHIIACS MEHII TOYHOIO,
3 Precision ta Recall nHa piBHi 0.648, Ta mAP50 y 0.633. [TomiTHO, 110 CKIAAHICTH JaTaceTy Ta,
HMOBIDHO HEJOCTAaTHS SKICTh, BIUIMHYJAa Ha 3arajdbHy e(eKTUBHICTH Mmoxeni. HaromicTs,
OJIHOKJIaCOBAa ~ CTpAaTeris, OpIEHTOBaHA Ha MPOCTIIE 3aBJaHHSA  JICTEKIi  IEpesioMiB,
IpOIEMOHCTpYBaa Kpaiii pe3ynstatu 3 Precision 0.852, Recall 0.735, ta mAPS50 0.799. Baxnuso
Bi[3HAYUTH, IO M€l EKCHEPUMEHT MPOBOAWBCA HA IHIIOMY JaTaceTi, L0 MOXE€ IOSCHUTH
MOJIIIIEHHS B €(EKTUBHOCTI.

VY migcymky, monens YOLOVS mposiBuia CBiff MOTEHIiall y BHSBJIEHHI HEpeloMiB Ha
PEHTIeHIBChbKUX 3HIMKAax, ajieé BaroMWW BIUIMB SIKOCTI Ta pENpe3eHTallli JaHuX Ha pe3yJbTaTd
M1KPECIIOe HEOOXITHICTh MOAANBIINX JTOCIIKeHb Ta BIIOCKOHATICHHS SIK caMOi MOJIeNi, TaK 1 AKOCTi
HaOOPIB 1aHUX.
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HEAPOMEPE)KEBHUI1 METO/ IIOC.IIJOBHOI I'TTOBAJILHO-
JOKAJBHOI ATTIPOKCUMAII KOPOTKMX HABOPIB MEJANYHNX
JTAHMX

Anomayin: B pobomi npedcmagneno moougixkayiio memooy 2106an1bHO-I0KANHOL anpOKCUMAYii KOPOMKUX
BUOIPOK MEOUUHUX OAHUX 3a PAXYHOK GUKOPUCMAHHS HEUPOHHOT Mepedici y3azanvhenol peepecii 3amicmo RBF netiponnoi
mepedci 015t BUOLIEHHsL JIOKAbHOI KOMIOHEHMU NOBEPXHI GI02YKY, W0 00360UN0 NIOGUUMU MOYHICIb ANPOKCUMAayii
na 7% 3a mempuroro RMSE ma 3menwumu mpusanicme uacy euxonauhusa na 10% y nopienaumi 3 6a3068um memooom.
Aemopu onmumizyeanu npoOyKMUBHICMb Menooy ma 00CAiOUIU 1020 eeKmuUsHiCMb 8 NOPIGHAHHI 3 HUIKOIO ICHYIOUUX
Memo0ie nio yac po3s A3aHHA 3a0adi NPOSHO3YB8AHHA 6MICINY RIOUKIDHOZ0 HCUPY 8 OP2AHI3MI TIOOUHU.

Abstract: This paper presents a modification of the global-local approximation method by using a generalized
regression neural network instead of an RBF neural network to extract the local component of the response surface,
which allowed to increase the approximation accuracy by 7% in terms of RMSE and reduce the runtime by 10% compared
to the basic method. The authors optimized the performance of the method and studied its efficiency in comparison with
a number of existing methods in solving the problem of predicting the BMI.

InTenekryanpHuil aHaii3 Ta HOro iIHTEpPIIpeTaLlisl y BUIIAAKY ONpallOBaHHA MEANYHUX JaHUX
MaroTh HA/JI3BHYAHO BHCOKY aKTyaJbHICTb Y Cy4acHid Hayli Ta MeIUIUHI. 3aBISKU 3POCTaHHIO
o0cATy JOCTYMHHX MEAWYHUX JaHUX, BUCHI Ta MeAW4Hi (axiBIl OTPUMYIOTh O€3MpeleICHTHY
MOYKJIMBICTh BUBYATH XBOPOOH, BUSABIISITH HOBI TEHACHIIIT Ta 3aJISKHOCTI, a TAKOXK YJOCKOHAIIOBATH
METOAM J1arHOCTUKY Ta JIIKYBaHHS.

OpnHak, came 3aBISKH PO3MAITTIO Ta CKJIAAHOCTI METUYHUX JTAHUX BUHUKAIOTh BUKJIUKH, SIKi
noTpeOyI0Th HOBHUX MiAXO/AIB Ta MeTOIiB. [ ToOanbHa arpoKcUMallisl TaHUX, IO OMUCY€E YCEePEeTHEHY
MOBEAIHKY MO/, HEAOCTaTHS MJii IOBHOTO PO3YMIHHS BCIX AacCHEKTIB MEIUYHHMX JaHHX.
Hanpuknan, BoHa MO)Ke HE BPaxOBYBAaTH 1HAWBIMYyaldbHI OCOOJMBOCTI MAII€HTIB, BIIMIHHOCTI MiX
HIArpyNnaMyu XBOpHUX, a00 BaKJIMBI JIOKaJdbHI Bapiawii. ToMy JoOKalbHI METOIU amnpoKCHUMaIlii
HaOyBaroTh Bce OIbIIOl Baru. BoHu 103BOJISAIOTH BpaXxoBYBaTH Pi3HI (PYHKIIT Ta acleKTH JaHHUX B
OKpeMHX Toukax abo perioHax. Lled miaxinx ocoOIMBO KOPHUCHMN N7l aHaNi3y KOPOTKHX HabOpiB
MEINYHUX JIaHUX, JI€ Pi3HI PEerioHM MOXKYTh BUKOHYBATH pi3HI (YHKIIi, a TAKOX Ui JAETAIbHOTO
BHUBUYEHHS CHEIM(PIYHUX METUYHUX CLIEHApIiB.

3po3ymiiio, 110 riI00albHi Ta JOKalbHI METOIM MalOTh CBOT oOMexkeHHs. [ mobansHa Moenh
MO’K€ HE BIJOOpa)kaTH BCIX HIOQHCIB Ta OCOOJMBOCTEN NaHUX, a JOKaJbHI MOJEN MOXYTbh OyTH
HEJIOCTAaTHBhO y3araJlbHEeHUMH JJIs1 HOBUX JaHUX a00 He BpaxOBYBAaTH 3arajbHHUX TeHACHLINH. Tomy
MOEIHAHHS TI00aTbHO-JIOKAIBHOT alpOKCUMAIIIT CTa€ KIIFOYOBUM ITiTXO/I0M.

['moGanpHO-10KaNbHA anpoOKCUMAIlisl MEJUYHUX JaHUX Ha/la€ MOKJIMBICTb OTPUMYBAaTH
KOMIUIEKCHE pO3yMiHHS JaHuX. BoHa moenHye B 001 THYUKICTh Ta IIMPOKUN MOTJISA II100aTbHOL
MOJIeNIi 3 TOYHICTIO Ta aIalTUBHICTIO JIOKAJIbHUX Mozesnel. L{ei miaxin 103Bosiste BUSBIATH CKIaIH1
3aJIe)KHOCT1, PO3YMITH 1HAMBIAYaIbHI peakilii MallleHTIB Ta BpaXOBYBaTH KOHTEKCTyallbH1 ()aKToOpH,
110 € KpUTUYHUMU 7151 €PEeKTUBHOTO MPUHHATTS PillIeHb Y MEIUIUHI.

OpHak iCHYI04Y1 METO/IY TJI00aJTbHO-JIOKAIBHOT allpOKCHUMAIlli MOXKYTh 3a3HaBaTH OOMEKEHbD,
KOJIN 3aCTOCOBYIOTHCS Ha KOPOTKMX Habopax MeauuHux JaHux. lle moxe OyTu moB’s3aHO 3
HEJIOCTaTHhOK KUIBKICTIO 3pa3KiB, IO YCKJIAIHIOE 3/IaTHICTb MOJENeHd BUSBIATH JIOKAJIbHI
0CcOONMMBOCTI Ta JeTanl IHAUBIAyaJIbHUX BHNAAKIB. Taki OOMEXEHHS BHUMAararoTb YBa)KHOTO
JTOCJTIJDKEHHS Ta PO3POOKH CHeIiaai30BaHuX MAXOMIB JJ1s1 €EeKTUBHOTO 3aCTOCYBaHHS TJI00ATBHO-
JOKaJBbHUX METOJIB HAa KOPOTKMX MEIMYHUX AaHuX. [lomomaHHs w1i€i mpoOieMu Mae BaXKJIMBE
3HA4YeHHS JUid 3a0e3MeUeHHs] TOYHOCTI Ta HaJIMHOCTI aHali3y HaBiTh y BUIAJAKaX 3 OOMEXEHUMHU
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obcsiraMu TaHMX, 110 JTIO3BOJIUTH JOKJIQIHIIIE TOCHIKYBAaTH KITIHIYHI CIIeHapii Ta IepCcoHaIi3yBaTh
MiXOAH O JIarHOCTHKY Ta JTIKyBaHHS.

MeTtoro po6oTH € miABUIICHHS e€(PEKTUBHOCTI MPOTHO3YBaHHS KOPOTKUX HAOOPIB MEIUIHHUX
JAaHUX Ha OCHOBI Mojau(ikaiii HEHPOMEPEKEBOr0 METOIy TI00abHO-JIOKAJIBHOI arpoKCHMAIIi].
OCHOBHOI0 3a/1au€l0, Ky BHUPIIIYE I poO0Ta, € 3a0e3MeueHHs O1IbII TOYHOTO aHaJi3y MEIUIHUX
JaHUX, 30KpeMa Yy BUMAAKY IX OOMEXKEHHX OOCSTiB, III0 MOXE JOMOMOITH BHUSBHUTH CKJIAJHI
3aJIC)KHOCTI Ta 3p0OUTH OUIBLI TOYHI MPOTHO3M JJIS1 BXKIMBUX MEIMYHUX MOKA3HUKIB.

VY crarTi npencTaBieHo MOKPAICHUH MiXi/ 10 aHaIi3y KOPOTKUX HAOOPiB MEAMYHHX JaHUX,
KU 0azyeTbes Ha MoAudiKaIlli ICHYFOUOro METOIy I100aabHO-JIOKAIBHOI arpokcuMaltii. bazouit
METOJ BUKOPUCTOBY€E [BI LITY4HI HEHWPOHHI Mepexi: HelpomoniOHa crpykrypa MIITTI s
riobanpHOro ananizy ta RBF mis nokampHOro amamizy [1]. 3actocyBanHs MeTody mnepeadadae
HOCJIIZIOBHY OOpOOKY JIaHKMX 3 BUKOPUCTaHHAM HerpomepexeBoro aHanory PCA [2] ans otpumaHHs
r100abHOT KOMIIOHEHTH Tepe]] BUKOPUCTAHHSAM JiHeapu30BaHo1 HeiiporoaioHoi crpykTypu MITTTI
ta RBF HeiipoHHOi Mepexi A aHami3y JOKaIbHUX KOMIOHEHT. 3HAYHHM HEAOJIIKOM 0a30BOTro
MeToay € oOMexxkeHa amanTuBHICTE RBF mpu poboti 3 manmumu Habopamu ganux. RBF mepexa
BUMAara€ BEJMKOI KUIBKOCTI TPHKIAIIB JUIsl HABYAHHS, 1 TPHU3BOAATH 0 IEPEHABYAHHS IPU
oOMexeHiil KUIbKOCTI JaHuX. 3ampornoHoBaHa Mojau(ikallis Bupillye II0 MpodieMy, 3aMiHIOIYN
RBF na GRNN (General Regression Neural Network) asst ananizy nokansHoi komroneHTH. GRNN
BOJIOZII€ BUCOKMMHU IeHepeNi3aliifHUMU BJIACTUBOCTSMU 1 HE TOTpeOye 3HAUHOT KUIBKOCTI IPUKIIAJIIB
JUTs €QeKTHBHOTO HAaBYaHHS. TakuM YMHOM, MOAM(IKOBAHUI METO/I JO3BOJISIE OTPUMYBATH TOYHI Ta
HaJAIMHI pe3yJbTaTH aHaji3y MEAMYHUX JaHUX, OCOOJIMBO MpU POOOTI 3 HEBEIMKUMHU OOcAraMu
iH(popMmarrii.

CtpykTypHO-(YHKIIOHAIbHY CXEMY 3alpONIOHOBAHOIO MiX0AY HABEACHO Ha PUCYHKY 1.

Y _0i — 2106anbha Komnonenma i-20 6ekmopa
y _li — noxkanona xomnonenma i-2o eexmopa
Xi,..-,Xn T T T
yitrue
y g_pred |
_Gi y_li GRNN
>y y g > (for local
component)
y |ipred
| [ s :
(linearization) - com gonent) pred " pred
y_Gi P y_Qu Yu
y gupred +y Iupred

Puc. 1 CrpykrypHO-(hyHKIIIOHATEHA cXeMa MoIuDiKaIlii METOy T100ambHO-TOKAIbHOT
ampoKcuMaIlii KOpOTKUX HaOOPiB METUYHUX TaHUX

Jlns nepeBipku Ta MOPIBHAHHSA €(PEKTUBHOCTI MOAM(IKOBAHOIO METO/AY MPOBEIEHO CEPIlo
eKCIepUMEHTIB Ha HaOopi JaHMX HeBelIUKoro po3mipy [3]. Yci ekcriepumeHTH Oynu 37iKCHEH 3
BukopuctanHaM K-fold kpoc-Bamigamii 3 N mosropennsmu, ae K = 5 1 N = 20. IlopiBHsAHHS
3arpoNOHOBAHOI'0 METOY BiZIOyBasiocs 13 pAI0M icHYIouuX MeTo1iB. 3okpema aB1 LITHM, ski nexatsb
B loro ocHoBi, 6a30BUIl METOJ Ta YOTHUPH ICHYIOUMX METOJU SIKI BUKOPHCTOBYBAJINCS aBTOpaMH
crarti [5] s po3B’si3aHHS MMOCTaBIEHOI 3a/1avi. EKCIIEpUMEHTH OIHIOBAINCH HA OCHOBI TaKWX
MOKA3HUKIB, SIK cepeHbokBaipaTuuHa nommika (RMSE), cepenns abcomtorna nomuika (MAE) ta
3aMipH yacy BUKOHaHHs. Pe3ynbTaT MpoBeACHNUX eKCIIEPUMEHTIB 300pakeHi Ha PUCYHKY 2.
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vormuosa v [ 2 — _ b et vral I8
, . Heiiponna mepexa ‘
bazosuit meTon - 36 Baszosuii meto - 4.4 yaaranshenoi perpecii
Bunaakoswuii Jlic - 3.8 Bunaakosuii Jlic - 4.7 MonpikoBanuii MeTox ‘ 4.7
MeTo1 ONOPHHX BEKTOPIB - 39 Meto/1 OHOPHIX BEKTOPIB - 4.8 BaszoBuii MmeTox | 5.2
XGBoost - 39 XGBoost - 48 MeTon onopHUX BEKTOpIB I 9.0
JliniiiHa HefipononioHa JliniiiHa HeifponoxiOHa - .
4.0 49 XGBoost 84.0
c1pyktypa MIITTT - cipyktypa MIITTI
Heiipoutia Mepeka | - 4.4 Hefipormia Mepeka | _ 53 Baratomaposwuit nepcentpos - 150.0
y3arambHeHoi perpecii y3araibHeHoi perpecii
Baratomaposuii nepcentpon _ 6.9 Baratomaposuit nepcentpon _ 8.3 BurajkoBuit Jtic _ 411.0
0.0 5.0 10.0 0.0 5.0 10.0 0.0 250.0 500.0
= MAE = RMSE M Yac BUKOHAHHS (CEK.)

Puc. 2 Pe3ynbratu mpoBeieHUX €KCIIEPUMEHTIB

Sk BHJHO 3 HaBEJCHOTO PUCYHKY, 0a30BHH Ta MOIAM(IKOBAHUN METOAM IMOKA3aJIHd BHII
NOKa3HUKU TOYHOCTI, HDK METOIH, IO JOCHiKyBanucs y 3ramaHii cratti [5]. OkpiM 1poro,
Mo (piKOBaHHM METOJ JEMOHCTPYE HANUBUIIY TOUYHICTh Cepel YCIX JOCTIIKyBaHUX. 30Kpema , BiH
nokasaB Ha 7% Kpammii pe3ynbraT 3a MeTpukoio RMSE y nopiBasiHHI 3 6a30BUM. Takox, SIK BUAHO
3 FiCTOrpaMu 4acy BUKOHAHHS — MoAudikoBaHui MmeTon npaitoe Ha 10% mBuaie Hixk 6a3oBuii. Le
HOSCHIOEThCA, BitacHe, BukopuctanasiM GRNN y 3anpornoHoBaHiiit Mmoaudikarii.

BUCHOBKMU
Y po0oTi mpencTaBiIeHO MOKpPANICHWA MiAX1J A0 1HTENEKTyalbHOTO aHaji3y KOPOTKHX
MEIWYHUX JTAHUX, KA Ma€ TEPCIEeKTUBH BIPOBA/DKEHHS Y MEIUYHY MPAKTHKY JUIS TOKPAIICHHS
TOYHOCTI Ta e(eKTHUBHOCTI aHami3dy naHuX. [IpoBeleHi eKCIIEPUMEHTH MiITBEPIKYIOTh BUCOKY
e(eKTUBHICTh Ta TOYHICTh LIbOTO MiIXOLY, IO POOUTH HOTr0 NEPCIEKTUBHUM IHCTPYMEHTOM Yy cepi
MEAMYHOTO aHaJ3y JaHUX.
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IHTEJIEKTYAJIbHI METOU ONITUMI3AILIL POBOTH IHTEPHET-MATAZUHIB

Anomayin: YV daniti cmammi po3enioaemscs npobremMamuxa onmumizayii pobomu iHmepHem-maca3unie 3a
00NOMO20I0 IHMeENeKMYanbHux memoois. Ocobaugy yeazy npudileHo UKOPUCMAHKIO Yam-60mié ma pekoOMeHOayitiHux
cucmeM, 3aCHOBANHUX HA AICOPUMMAX MAUUHHO20 HABYAHHS Ma Wmy4Ho20 inmenekmy. IIpoananizosano pizni nioxoou
00 nidUWEeHHsL ePeKMUBHOCMI 63AEMOOTT MIJNC NOKYNYSIMU MA MOP20SeLbHUMU naam@popmamu. B pamxax 0ocniodcenms
6y10 NPOBEOEHO eKCNepUMeHmuy 3 PI3HUMU CMpameismu Onmumizayii, GUKOPUCMOBYIOYU PeaibHl OaHi 3 ICHYIOUUX
inmepnem-mazaszunie. Pospobneno uam-6om, axuil echeKmusHo 83a€M00i€ 3 NOBHOI OA3010 3HAHb IHMEPHEM-MA2A3UHY,
BUKOHYIOUU WUPOKULL CHeKmp 3asoanb. Lle exnouac Haoanusa 6i0nogioell HA 3aNUMAHHA KOPUCMY8ayié y poji
acucmenma, a MaxKoxdc BUKOPUCAHHA 306HIWHIX THCMPYMEHMI8, MaKux AK pexomenOoayiuni cucmemu. Lleti nioxio
00360/1€ He MinbKU 3abe3neuysamu NepCcoHANi308aAHY 63AEMOOII0, ajie U BUKOPUCIOBY8AMU Nepedosi Memoou O
onmumizayii pobouux npoyecis. Pezynomamu nokasanu, wo 8npoeaoddicenHs iHmeieKmyaibHux mMemoois, 8KI0YaA0YU
yam-6omu ma peKoMeHOayiuHi cucmemu, CNpusc NiOBUWEHHIO 3A0080eHHs KIIEHMI8 ma onmumizayii noKynkoeoi
axmusrnocmi. Ompumani Oani ceiouams NPoO 3HAUHE NIOBUWEHHS eeKmMUGHOCME pOOOMU IHMEPHEeM -MA2A3UHIS, 8 MOMY
YUCT 3DOCMAHHS KOHEEPCIIHUX NOKA3HUKIE MA NOJINUEHHS KOPUCMYB8AYbKO20 00CEI0Y.

Abstract: This article examines the issue of optimizing the operation of online stores through intelligent methods.
Special attention is given to the use of chatbots and recommendation systems based on machine learning algorithms and
artificial intelligence. Various approaches to enhancing the interaction between customers and trading platforms have
been analyzed. In the course of the study, experiments were conducted with various optimization strategies using real
data from existing online stores.A chatbot has been developed that effectively interacts with the entire knowledge base of
the online store, performing a wide range of tasks. This includes providing answers to customer queries in an assistant
role, as well as utilizing external tools, such as recommendation systems. This approach not only ensures personalized
interaction but also employs advanced methods for optimizing work processes. The results showed that the
implementation of intelligent methods, including chatbots and recommendation systems, contributes to increasing
customer satisfaction and optimizing shopping activity. The data indicate a significant increase in the efficiency of online
store operations, including growth in conversion metrics and improvement of the user experience.

Beryn

CyuacHuii CBIT TMHAMIYHO PO3BHUBAETHCA, a Pa30M 3 HUM 1 chepa eneKTpoHHOI KOMepIlii, Ka
CTajla HEBiJ'€MHOIO YAaCTUHOK KHTTS CYCIUIBCTBA. [HTEpHET-Mara3uHH, K OCHOBHHUH €IEMEHT
€JIEKTPOHHOI TOPTiBJIi, 32 OCTaHH1 IECATUIITTS NEPEeTBOPUIINCH 3 HOBUHKH Y 3BUYHY pEaNIbHICTb IS
O11b1I0CTI crIOKMBaYiB. BpaxoByroun 11eit pakT, Tema "[HTenexTyanbH1 METOAM ONTUMI3alli po6oTH
IHTepHEeT-Mara3yuHiB" € Ha[3BUYalHO aKTyaJbHOIO Ta BUMArae JeTajJbHOI0O JTOCIIPKEHHs Ta aHali3Yy.

IMniemenTariss iHTEIEKTyalbHUX YaT-O0TiB-aCUCTEHTIB BIJIKPUBA€ HOBI TOPWU3OHTH ISt
ONnTUMI3alil Pi3HUX acMeKTiB iHTepHeT-KoMmepuii. L{i iHHOBaLiiHI TEXHOJOTrI J03BOJIAIOTH 3HAYHO
MOKPAIIUTH B3a€EMO/III0 3 KIII€EHTAMU, ITPOTIOHYIOUYH IIBUIK1, TOYHI Ta TIEPCOHAI30BaH1 BIMOBI/I Ha
iXxHi 3anuTaHHA. BukopucTtaHHs u4aT-0OTIB JONOMarae 3MEHIIMTH Yac OOpoOKM 3aIuTiB,
MIBUIIYIOYN 33I0OBOJICHICTh KJIIEHTIB Ta TOKpAIIYIOUM iXHIW 3arajdbHUN JOCBIJ KOPUCTYBaHHS
1aT(hOpPMOI0.

Kpim Toro, yar-60Tu 3/1aTHI 30MpaT Ta aHaIi3yBaTH BEIHMKI 00'€MU JaHUX, 1O J03BOJISE
BJIACHUKAM IHTEpHET-Mara3uHiB IJMOIIe 3p03yMiTH NOTpeOH Ta yrnoaobaHHs cBOiX KimieHTIB. Lle, B
CBOIO Yepry, BIAKPUBAE MOXKJIWBOCTI ISl OUTBII IIECTIPIMOBAHNX MapKETHMHTOBUX KaMITaHIM Ta
e(eKTUBHIILIOrO yIpaBIIiHHS 3allacaMu.

B mxepenax [2] Ta [31] ocobnuBy yBary NpuauIeHO aHali3y ICHYIOUMX METO/IB ONTUMI3allii
Ta 1XHBOI €()eKTHUBHOCTI B KOHTEKCTI €JIEKTPOHHOI Komepiii. JlochikeHHsT BKIIOYAE IeTaTbHHIMA
PO3IIISIT IPAKTUK BETUKUX KOMIIAHIN, TakuX sk Amazon Ta Alibaba, 3 akiieHTOM Ha X TIXO0IH 110
onTuMi3arii.

B inmomy BaxnmuBoMy jpkepeni [18], po3risnaroTbes CydyacHI TEXHIKM IMILIEMEHTAIlii
IHTENEeKTyaJbHUX YaT-00TiB Ta IX poJib y MiJIBUILEHH] e()eKTUBHOCTI B3a€MOIIi 3 KIIiEHTaMU. ABTOPHU
aHAI3YI0Th, K PO3yMHI 4aT-00TH MOXXYTh BUKOHYBAaTH PI3HOMaHITHI (YHKIIII, Bi BIMOBIAEH Ha
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3amUTaHHs 0 THTErpallii 10JaTKOBUX IHCTPYMEHTIB, Ta SIK 1€ BIUTMBAE HA 3aTaJIbHY TUHAMIKY POOOTH
IHTEpHET-Mara3uHiB.[16]

Oxkpim Toro, B pkeperni [11] BUCBITIIOETHCS BIUIMB IJ100aii3allii Ha cTpaTerii MapKeTHHTY B
ernoxy HU(PPOBHUX TEXHOIOT1H. AHAJI3y€EThCS, K MEPEeIOBI TEXHOIIOTII, Taki Kk GenAl, BiIKpUBaOTh
HOBI MOKJIUBOCTI JIJIsl €JIEKTPOHHOT KoMepitii. JlogaTkoBo, B po6oTi [12] po3risgatoThCs pearicTHIHI
BHUMOTH Ta BUKJIUKH, TIOB's13aHi 3 BIIpoBakeHHIM GenAl, 0co0mBo aiist cepeHporo 0i3Hecy, B TOM
yac sIK B JpKkepedni [23] HaBOAUThCS aHaII3 TOTCHIIIMHUX BUKJIMKIB 1 MOKJIMBOCTEH, 110 BUHUKAIOTH 31
HIBUIKUM PO3BUTKOM ITi€] TEXHOJIOTTI].

Koxne 3 1ux mkepen BHOCUTh 3HaYHHMM BKJIaJ B PO3YMIHHS IIMPOKOIO CHEKTPa acleKTiB,
NOB'SI3aHUX 3 ONTHMI3ali€l0 pOOOTH IHTEPHET-Mara3uHiB, JO3BOJSIOYH (POPMYBATH KOMILJIEKCHUN
MOTJISI/ Ha IO aKTyallbHy TEMY.

MeToau T0CaiTKEeHHS

AHaT3yI04YM Cy4acHI METOJM ONTUMI3allii poOOTH 1HTEPHET-Mara3uHiB, BUSBISIETHCS, IO
KJIIOYOBI CTpaTerii OXOIUTIOIOTh BHKOpPHCTAaHHS momrykoBoi omrumizauii (SEQO), mammHHOTO
HABYaHHS JUIs IEpCOHaNi3allii, COI[iaIbHUX MEPEX, aHAIITUKH JaHUX Ta aBTOMAaTHU3allil MApKETUHTY.
Cepen 1ux, 4aT-00TH BUCTYMAIOTh SIK OCOOJIMBO BaXIMBUHN IHCTPYMEHT, 110 iHTETpye 0araro 3 1mux
M1XO/1B, MPOTIOHYIOYM KOMIUIEKCHE PIIIEHHS JIsl ONTHUMI3allii.

SEO n03BoJIsI€ MiIBUIIATH BUAUMICTh Mara3uHy B ONIYKOBUX CUCTEMAX, 3aTy4arouu OibIe
tpadiky. Ilepconamnizaiis depe3 MalIMHHE HaB4YaHHS Moxe 30inpmmuTH npojaxi Ha 10-30%,
aJanTyO4u MPOIo3ullii 10 moTped kopucTyBadiB. CoIlliaibHI MEPEXKi JOMOMAralTh y 3alydeHHI
KIIEHTIB Ta MIATpUMII OpeHAy, TOAl SIK aHaliTUKAa JaHWX J03BOJs€ Oi3HecaM OUIbII TOYHO
HAJIAIITOBYBATH CBOI CTpaTerii Ta BUpOOHUYI mporiec. [24]

OnHak, BIPOBAKCHHS 4YaT-OOTIB BHUSBISIETHCS HAWMOUIBII €()EKTUBHUM METOJOM
onrtuMi3aiii, OCKUIbKH BOHHM aBTOMATHU3YIOTh OOCITyrOBYBaHHS KJII€HTIB, 3HWXKYIOUH BHUTpATH Ta
MiJBUIIYIOYN 3aJI0BOJICHICTh KOpHCTyBadiB. YaT-O00TH BiAMOBIAAIOTH HA 3alMUTaHHS KII€HTIB,
JOTIOMAraloTh y Hapiramii mo caiTy, OOpOONSIOTh 3aMOBJICHHA Ta IHTETPYIOTBCA 3
pPEKOMEHIAIIHHUMU CHUCTEMaMHM, HaJlal0ud MEepCcOoHaNi30BaHy B3aemofito. Lle crpusie 3pocTraHHIO
NpOJaXiB Ta IMIJIBUIIEHHIO €(EeKTUBHOCTI OOCIyroByBaHHS, 110 POOUTH 4aT-00TH KIOYOBUM
(hakTOpOM ycHixy B JUHAMIYHOMY PUHKY €JIeKTPOHHOI Komepiii.[21]

OTxe, BpaxOBYIOUM BUKJIMKU CY4aCHOTO PUHKY IHTEPHET-TOPTiBJl Ta IIBUIKUNA PO3BUTOK
TEXHOJOTM, 4arT-00TH € HaWOUIbIl ONTUMAIbHUM METOAOM ONTHUMi3allii, sKuil 3abe3neuye
KOMIUIEKCHE BHpILIEHHS MpoOJieM Ta MiJBULICHHS €()EeKTUBHOCTI O13HEC-TPOIECIB IHTEPHET-
MarasuHiB.

3acTocyBaHHs 4aT-O00TIB € OCHOBHOIO TEHJCHIIIEI0 OCTAaHHIX POKIB 1 iXHS MOMYJSPHICTb
noctiiiHo 3pocrae. CTaTHUCTHYHI JaHl CBiI4aTh IO Bce Oinbllle KIIIEHTIB HaJae IepeBary
KOPUCTYBaTUCh YaT-00TOM, SIKIIIO 1€ JTO3BOJIUTH 3a0MIATUTH Jac.

@ BukopucratoTb yaT-60T

YekaTMyTb Ha KOHCYrbTaHTa

Puc. 1 Kopucmyeanns uam-oomom / KOHCYTbmMaAHMOM
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3a MuHynH# pik 0m3pK0 9 3 10 KOpUCTyBadiB KOPUCTYBAJIOCH 4aT-00TOM X04a O OfuH pa3
Binbme toro, 7 i3 10 BBaXaroTh 1e¥ JOCBi MO3UTHUBHUM. barato KJIi€HTIB BUCIOBIIOE AYMKY, IO
KOMIaHIAM cJiJ Olibllle BUKOPUCTOBYBAaTH 4ar-00TiB, a/ykKe HaJaHHA MATpUMKY 24/7 Ta
OTIEPATUBHICTH BIAMOBIIEH € KIIOUOBUMH JIsI KOPUCTYBAUiB.

Kopucmysanuck
4yam-6omom 3a
ocmaHHil pik

0c7|o 00|o 0o|a 0o|o
o »° «° 16°

Puc. 2 Ilepuwiuit 0oceio kopucmyeanuam

OcHoBHI mnpoOiemMu, MOB's3aHI 3 TPaAULIMHUMM 4YaT-00TaMM, BKIIOYAIOTh TPYIHOIIL 3
aJIanTamie€lo 10 3MIHIOBAaHOTO KOHTEKCTY OeciM, BHCOKY BapTiCTh CTBOPEHHS, OOMEXKEHHS B
MYJIbTH3a/1a4HOCTI Ta IePCOHAI3alli], a TAKOXK IPO0JIEMH 3 OHOBJIEHHSM JJaHUX. BripoBa keHHs yat-
6otiB Ha ocHOBi LLM, takux sik GPT-3.5, BHOCUTH 3HAUHUI MPOTrpec y po3B's3aHHI IUX MPOOIIeM,
NPOMNOHYIOUM TOKpalleHe PO3YMIHHS KOHTEKCTY, I'€Hepalilo OUIbLI NMPHUPOJHOTO TEKCTY, 1, SK
HACJIIJIOK, OUTBIN TJIaJIKy B3a€MOii0 3 KopuctyBadamu. [4] Lli 4aT-00TH TakoXX BiIKPUBAIOTH HOBI
MOYJIMBOCTI Ui Oi3Hecy, MOKPALIYIOYM aBTOMATU3ALII0 KIIEHTCHKOTO 0OCIyrOBYBaHHS, TOUHICTh
BIJITIOBIJIeH Ha CKJIHI 3aIUTH, IEPCOHATI3AIII0 0OCTYrOBYBaHHS Ta €(EKTHBHICTh MAPKETHHTOBHX
cTpaterii. Y miacyMmky, BukopuctanHs LLM uaT-00TiB MOXE CYTT€BO BIOCKOHAJIUTHU JIOCBIJ
CHIIKYBaHHS 3 KJIIEHTaMH, 3HIDKYIOUM BUTPATH KOMITaHii Ta IMiJBUIIYIOYHN 33/I0BOJICHICTh KIII€HTIB.

GenAl He € cTaHAapTU30BaHUM MOHATTSM, aje 3 CTPIMKMM po3BUTKOM Al TexHomorii 3a
OCTaHHIN PiK, BiH CTaB 3araJlbHOBIIOMHUM. | €HepaTHBHUI MITYYHUH 1HTEIEKT 3a3BUYall BITHOCHTHCS
1o cucteM a0o anroputMiB Al, siki 34aTHI reHepyBaTH HOBHMI KOHTEHT a0o JiaHi, 110 He OyiM sIBHO
3aK0JI0BaHi B iX TpeHyBaibHi naHi. Lle Moke BKITIIOYAaTH, HAIPUKIIA]], CTBOPEHHS HOBUX 300paKeHb,
TEKCTIB, My3UKH a00 1HIIMX (OpPM MeZia Ha OCHOBI HaBYaHHS HAa BENMKIM KinbkocTi naHux. Lli
CHCTEMH 4YacTo 0a3yloThCsl Ha CKJIAJHHX MOJENSAX TJIMOOKOTO HaBUaHHS, SIK-OT TE€HEPAaTHBHO-
3maranbeHi Mepexi (GAN) abo Tpancopmepni monemni, sk GPT-3.5 Big OpenAl. GenAl crpusie
PO3BUTKY WITYYHOTO IHTEJEKTY, IO MOXKE€ TeHEpyBaTH HOBI i7ei, BMBYAaTH HOBI 00JacTi Ta
caMOBJIOCKOHaoBaTHCs. Bukopucranus GenAl B MapkeTHHTy MOKE PEBOJIOLIOHI3yBaTH
CTBOPECHHSI KOHTEHTY, 3a0€3IMeUyr04r MepCOHAII30BaHE CIUIKYBaHHS Ta €(EKTHBHIIIE BUPIMICHHS
3apranb. [11] g TexHosoris 103BOJsiE CTBOpIOBAaTH OOTIB, IKI MOKPAILIyIOTh AaBTOMAaTH30BaHI
B3a€EMO/IIT Ta MOXKYTh €(DEKTUBHO CITIJIKYBATHUCS 3 KJIIEHTAMU, IMITYIOUH JIIOJACHKI po3MoBH. GenAl
TaKO’ JIONIOMarae KOHCYJIbTaHTaM, HaJalouu JaHi KJII€HTIB 1 MPOMOHYIOYH PIlIEHHSs, 10 MOKpaIye
yac peakiii Ta ehexTuBHICTH 00cimyroByBanHs. OpHak, BmpoBamkeHHs GenAl Bkitouae B cebe
TEXHIYHI Ta OpraHi3aliiiHi BUKJIUKH, SKi MOTPeOyIOTh OOEpeKHOro MiaXoay Ui 3abe3nedeHHs
e(heKTUBHOI 1HTEerpaIlii B iCHyI0Ul CHCTEMHU.
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PesyabTaTtn

Pe3ynbraToM 1aHoi poOOTH € IMIIEMEHTOBAaHU 4aT-00T aCUCTEHT IHTEpPHET Marasuny. JlaHuii
4yaT-00T MpaIltoe 3 BCI€I0 BHYTPIIIHIE 0a3010 TaHUX IHTepHET-MarasuHy. Haitbinpma ocobauBicTh
JAHOTO 4YaT-00Ty 1€ HOro yHiBepCaJbHICTh Ta JIETKAa iHTErpais B OyIb SIKUI iHTEpHET-Mara3uH.
Mogens, sika BUCTyHa€e AIpoM 4aT-00Ta HE TPEHYEThCS HAa JaHMX IHTEPHET-Mara3uHy, a IIBHJIIE
a/IalITOBYETHCSA i HOrO. B naniit poO0Ti BUKOPUCTOBYETHCS MOAENb gpt-3.5-turbo ta gpt-4.

Moguensb gpt-3.5-turbo moxke 00pobisiTu 10 4096 ToKeHiB, aje TaKOX JOCTYITHHM BapiaHT gpt-
3.5-turbo-16k, sixuii Mmoxe 00poOusiTi 10 16384 ToKeHiB.

3amyck Mozeni BiOyBaeTbes 3a gonoMororo API 3amuty B sikOMy OJIUH 3 MapaMmeTpiB €
nepcoHanbHUN Kio4. Lli Monen HaTpeHOBaHI Ha BEIMUYE3HUX 00 €Max MAHUX, L0 y BUIBHOMY
JIOCTYIIl, Ta B)XC HABYCHI BIJMOBIAaTH HAa IMHTAHHSI KOPHCTyBada, a BOT Ha sKI caMmi — IIe
TOKEHI130BaHUH KOHTEKCT, IKWH IOBUHEH BMICTHUTUCH B MOJIENb. AITOPUTM poOOTH YaT 00Ty MOKHA
PO30UTH HACTYITHUM YMHOM

1. CTBOpeHHS BHYTPIIIHBOI 0a3u 3HaHb I 4aT-00Ta.

OCHOBHHUIA TIpiOpUTET YaT-00Ta MOJISITae y 3a0e3MeueHH] TOYHOI 1 aKTyalli30BaHOi BiAMOBIII
KopucTyBadeBi. [ nporo 60T omepye psaoM JKepen JaHuX, SKi MaroTh cnenudiuyHy i cTporo
BU3HAYEHY CTPYKTYpY, HAIIPUKJIAJ, HaBe1y JEesKl 3 HUX:

a) JlokyMeHTalisi mpo iHTepHET Mara3uH: el pecypc 30epiraeThes B

dopmati .md 1 MICTUTH KIIOUOBY iH(OpMaIil0 Mpo iHTepHeT-MarasuH. Lle Moxe Oytu
iH(OpMaIlist PO TEPMiHHM TOCTABKH, TapaHTIHI YMOBH, OCHOBHI 3acaJyd POOOTH Ta iHIII 3arajbHi
MUTaHHS, K1 4aCTO LIKABJISATh KOPUCTYBAYiB.

0) baza nanux mpoayKTiB: 30epiraeTbes B GOpMarti .cSV i MICTUTH JeTalli30BaHi crienudikarii,
I[IHU, HASIBHICTH Ta 1HII XapaKTePUCTUKU TOBAPIB, MPEJICTABICHUX Y Mara3uHi.

B) ba3a manux kopucTyBayiB: Takox 30epiraeTscs y ¢popmari .csv. BaximBoro 0co0nmBicTIO
€ Te, 0 L 1HQOpMAaLlis € CTPOro MEepcOHaNI30BaHOIO, JIe KOXKEH KOpUCTyBad 3 mneBHuUM ID mae
okpemuii 3amuc. lle poOuThcs s 3abe3nedeHHs KOH(IACHINMHOCTI OCOOMCTHUX JaHHX
KOPHCTYBaYiB.

r) Biaryku xopucryBadiB: ¢aiinu, siki 30epiraloTh BiATyKH Ta KOMEHTapi KOPUCTYBadiB MPO
TOBapu ad0 cepBic Mara3uHy, MOXKyTh OyTH MpecTaBlieH1 B popmaTi .json. Taka cTpyKTypa 103BOJISIE
30epiratu BIATYKH Y BUTJISAL CTPYKTYPOBAHMX 3alMCIB, 1€ KOXKEH BIATYK MOXKE MaTH J0JaTKOBI
MeTasaHi (1ara myOmikarii, peTHHT TOIIIO).

Mu po361uBaeMO JOKYMEHT Ha naparpagu eBHOIro po3Mipy — rojloBHa BUMOTa, a00 KIJIbKICTh
CHUMBOJIIB BMIIIAJKCh B BXiHUH map mozeni. [Iponec cruiTTinry Oyze BiApi3HATUCH B 3aJI€KHOCTI
10 popMaTy HaHOUIBIIT peIeBaHTHOTO (aiiiy.

KorxHe 3 ux jKepest JaHUX CTBOPEHO TAKMM YHHOM, 11100 4aT-00T MIr IBUAKO Ta €(EKTUBHO
JocTynatucs 1o MoTpiOHOi i1HQopmarlii, pearyroud Ha 3allUTH KOpPUCTyBauiB. Bci mxepena
3arpy’karoThCs Y BEKTOpPHY 0a3y aHUX.

2. BuszHaueHHs peneBaHTHOCTI (aiiiIiB 10 3aITUTy KOPUCTyBayva.

ITicnss oTpuMaHHS 3alMTY BiJ] KOPUCTYBaya, aJTOPUTM 4aT-00Ta aHaii3ye HOTo Ta 3'ACOBYE,
JI0 SIKOTO TUIy 1H(oOpMaIlii BiTHOCUTbCA 3anuT. Lle Moxe OyTu 3aranbHa iHGoOpMallis Mpo MarasuH,
Jeraii ToBapy abo ocoOMCTI AaHI KOpUCTyBaua, 30KpeMa Horo ictopis nokynok. Ha nanomy kpoti
MU BHU3HAYAEMO, B AKOMY (haiiial 3 BHYTPILIHIX 3HAaHb YaT 00Ta 3HAXOAUTHCA 1HPOpMaIlis, Ha OCHOBI
SKOI MO’KHa JIaTH TOYHY BIJIOBi/b KOpHCTyBauy. Jlanblie MU BH3HAYa€EMO KOHTEKCTH (HaHOLIII
penieBaHTHI maparpadu 10 BXIJHOTO 3alUTaHHSA 3 0OpaHuX ¢ailliB) HAa OCHOBI SKMX 1 Oyne
OynyBaTuch BIAMOBiAb KopucTyBaua. Lleii mporec Takox HasuBaeThes embeddings creation.
CtBOproeMO JaH1 eMOEIHTY MU TeX 3a JOMOMOror mMojeni. [lomyk peneBaHTHUX TOKYMEHTIB B Be
BiZIOYBa€THCS HA OCHOBI BX1IHOTO 3aMUTY. 3alIUT NEPETBOPIOETHCS HA BEKTOP 3a JOTIOMOT00 MOENi
Sentence Transformers, sika BUKOPHCTOBYETbCS Ul KOJYBaHHSI TEKCTY B BEKTOPHOMY IIPOCTOPI.
Sentence Transformers - e Moaens, 3acHOBaHa Ha TpaHchopMmarTopax, sika Oyjia HaB4YeHa Ha 3ajadi
3Haxo/pkeHHsT moaiOHux peueHb. Bona BukopuctoBye BERT, RoBERTa, DistilBERT a6o XLM
MOJIeNi JJIsl TeHepallil BeKTOPHUX MPEJICTaBIeHb PEUEHb.

B naniit po6oti BukopucroByerbesi OpenAlEmbeddings a came text-embedding-ada-002.
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Hapinminy Bim BuIE3ragaHux Mojenei, ne input token limit craHoBUTh 256 TOKEHIB, JMaHOI BiH
CTAHOBUTH OLIBII HIXK 8 THCSY.

3. HaganHus BiAMOBiAl HAa OCHOBI 3HANACHOTO KOHTEKCTY.

Ha nipomy kpotii 9at-60T ¢popMye BiIMOBIAb HA 3aITUT KOPUCTYBAUa. 3aJICKHO BiJl TOTO, SIKUI
KOHTEKCT OyJIO BH3HAYEHO Ha TOMEPETHbOMY KpOIli, BIAMOBIIb MOXKE OpaTHCS 3 PI3HUX JDKEpE
iHpopMmalii, sK 1 3 BHYTPIIIHBOTO OMNHCY NPOIYKTY HANpPUKIAA, TaK 1 JIOTIOBHIOIOYH OITUC
3arajibHOBIIOMUMU (aKTaMH, SKUMH MOKe opyayBaTu Al Mojeb.

&
AL \ [/
E' § B
s
< ) = : .
! | N P P [

Puc. 3 Apximexmypa uam-o6oma

OaHuM 3 IHTCPYMEHTIB € PeKOMEHJaIliliHa cHCcTeMa. [i 3micT my1st yar-60Ta 1€ TOMOMOTTH
fioMy 3 BHOIpPKOIO TOBapiB IO IEBHOMY 3amuTy. Y CBOid pOOOTI sI 3aCTOCOBYIO alTOPUTM
konabopatuBHoi pinbTpanii (Collaborative Filtering, CF) nnst cTBOpeHHSsI peKOMEHJAIITHIX CHCTEM.
CF 06a3yeTrbcsi HAa IPUITYIIEHH], 0 KOPUCTYBayi, sIKi 3TOJIHI B OJJHOMY BHIIAJIKy, HMOBIpHO, OYIyTh
3roaHi ¥ B iHmmX. Miif miaxin BukopuctoBye user-based CF, nme pexomenpaiii reHepyrOThCs Ha
OCHOBI mozaiOHOCTI MK KopucTyBadamu. 1o 3amuTy KopucTyBaya areHT 4ar-O00Ty BH3HA4Yae KOJIU
BUKOPUCTOBYBATH PEKOMEH/IAIIHY CHCTEMY.

annika.llingerie acucreHT

NpwusiT! Bac BiTac PO3yMHUIA acCUCTEHT iHTepHeT-MarasuHy annika.llingerie. Yum s Moxy

AonomorTi?

MpusiT MeHe 38aTh Mukonal

MpwusiT, Mukona! Sk 5 MOXY BaM AOMOMOITY CbOTOAHI?

flka agpeca Ta HoMmep TenedoHy AaHOTO iIHTEepHEeT-MarasnHy

Appeca iHTepHeT-marasuHy "annika.llingerie" Ta Homep TenedoHy 3rigHo 3 HagaHoi
iHdopmauii, € HacTynHUM:

- Appeca: YkpaiHa, micto /lbBiB, Bynnusa Kynbunubkoi, 200.

e Homep Tenedory: +380 999 99 99.

A 5K 3aiACHIOETBCA lOCTaBKa?

[locTaBka B iHTepHeT-MarasuHi "annika.llingerie” 3gilicHIOETbCS B Mexax YKpaiHu yepes cnyxby
Aoctaskn "Hosa MowTa". TakoXx 3ragaHo "caMoBMBI3", ane KOHKPETHUX AeTaneu Woao Uboro
MYHKTY He HaBefeHo. SIKWO y Bac € gofaTkosa iHdopmauis abo KOHKpeTHI NuTaHHs, 6yas nacka,

HapaiiTe ix i 1 6yay paauii gonomortu!

AK MEHe 3BaTn?

Bawe iMm's Mukona. HYum 5 Moxxy Bam flonomMortmn?

Puc. 4 Ilpuknao oemoncmpauii pooomu nam’sami ma oocmyny 00 6a3u 3HaHb
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Ha pganomy mnpukmani NOpoAeMOHCTPOBAaHE 3alUTaHHS 10 BHYTPINIHBOI JOKyMEHTAITi
iHTepHeT-Marasuny ‘annika.llingerie’. ByB 3HaiineHuit BiANOBIAHNI KOPIYC TEKCTY, Ta 30epeKeHU i
B aM’sTi yaty. Ha HacTymHe 3anuTaHHs 4aT-00T 3HaB JIe 3HANTH BiAMOBiAL 0e3 crienudikarii Ha3Bu
IHTepHEeT-Mara3uHy, TOOTO BiH maM’sTae€ NOMEPEAHIH KOHTEKCT. Takok sSK BHAHO YaT-00T
3amam’sITaB MepCoHaIbHI JIaHl HaBeIeHI KoprucTyBadeM. YaT-00T MOKe BIAMOBIAATH SK 1 HA TUTAHHS
3 BHYTPILIHBOT 0a3M JaHWX, TaK 1 BeCTH MpocTy Oecigy. ToOTo yaT 00T € yHiBepCaJbHUM 1 MOXKE
JIOTIOMOT'TH $IK 1 3 HaJlaHHSAM 0Q30BHUX BiIOBIJICH HA OCHOBI JaHUX, HA SIKWI BiH OyB HAaTPEHOBAHUI
(CommonCrawl, WebText, Bikinezii Ta Koprmycy KHHUT) Tak i 3 BHYTPIIIHIMH “BIIUTUMH Homy”
MEPCOHAIBHUMH JAHUMH IHTEPHET-Mara3suHy.

m annika.llingerie acucrent

Puc. 5 IIpuknao inmezpayii pexomenoayiitnoi cucmemu 3 yam-00mom

B nanoMmy mnpukiaai KopuCTyBau IONPOCHUB PEKOMEHJALIl0, LI0J0 BHOOpY TOBapy.
TpurepnyBcst iHcTpyMeHT “Recomendation system” Tak sk IIeil IHCTPYMEHT MiJIXOJUB HalKpalle.
LLM 3a npomomorot Pydantic Bu3Hauwia mnapaMeTpu Ui pPEKOMEHJALINHOT CHUCTEMU(SIKIIO
KOpPHUCTyBadya Hemae B 0a3i, To Oyje 3apeKOMEHJIOBaHUM MPOIYKT IO 3arajbHUM TapaMmeTpam) Ta
3anmycTuia (PyHKIII0 peKOMeHAAUiiHOI cucteMu. SIK pe3ynbTaTd MU OTpUMAalM TOBapH, SKi HaM
MOBEpHYJIa pEeKOMEHJalllifHa CHCTeMa, SIKy B CBOIO 4epry u4aT-O0T HaM BUBIB B 3pYYHOMY IUIf
YUTaHHS opMaTi.

BucHoBku

g pobora akieHTye yBary Ha Ba)JIMBOCTI Ta NEPCIEKTUBAX PO3BUTKY IHTENEKTyaJbHUX
cucTeM, 0coOJIMBO 4yaT-OOTIB Ta PEKOMEHJALIMHUX CHCTEM, Yy KOHTEKCTI ONTHUMi3alii poOoTH
IHTepHEeT-Mara3uHiB. BoHa miaKpeciatoe posib IHTEpHET-Mara3uHiB y CydacHIW eJNeKTPOHHIN
KOMeplIIii, X ajamnTaliio 10 3MiHIOBAaHMX YMOB PHUHKY Ta moTpe® crokuBauiB. OcoOinBa yBara
NPUAUIETBCS PO3POOITl 1HTEIEKTYaTbHOTO 4YaT-00Ta, SIKUM CIPOIIYE B3a€EMOJII0 MIX IMOKYIEM
TarIaTGopMOIO, a TAKOXK BIPOBAHKEHHIO PEKOMEHAALIHHIX CUCTEM, SIKI MPALIOIOTh y CHHEPTIi 3
4yaT-00TOM JJIsl HaJlaHHS MEPCOHANI30BaHUX MPOMO3MIIiM KopucTyBauaM. BukopucranHs MeTOIB
MalmHHOTO HaB4yaHHA, LLM, 3a0e3nedye TOYHICTh Ta €()EKTUBHICTh 3aIPONOHOBAHUX PIlIEHb.
[TpakTHyHa IMIUIEMEHTAllsl Ta Badijalis po3poOJIEHHX METOJIB 1 IHCTPYMEHTIB HiATBepAuia iX
e(eKTUBHICTb Ta IPUIATHICTH I BUPIIIEHHS pealbHUX 33/1a4 iHTepHeT-Mara3uHiB. PesynbraTu miei
poOOTH BiIKpUBAIOTh HOBI MEPCHEKTUBU JJI MOJAIBIIOTO PO3BUTKY IHTENEKTYyaJIbHUX CHUCTEM Y
cdepi eNeKTpOHHOI KOMepIIii.
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KoBaneBcbkuii C.B., KoBaneBcbka O.C. ([onbacvka Oepoicasna mawunodyoiena axaoemis,
m.Kpamamopcox-Tepuonins, Ykpaina)

OCBITHbO-KOHCYJbTAIIMHWI HEATP IITYYHOI'O IHTEJEKTY JIJISI BCIX

Anomauin: B pobom nadaHi nepcnekmugy po3gumKy md CoyianibHo20 6NaAU8Y. 3A3HAYEHO KIOH08I acnekmu
"Oc8imHb0-KOHCYTbMAYIUHO20 YeHMPY WMYUHO20 iHmenekmy", 11020 Micito 8 pO36UMKY HABUUOK MA PO3YMIHHA Y chepi
WMyyHo20 IHMeneKmy ceped 6CiX 8epCme HACENeHHsl, CNPUAIOYU COYIANbHOMY Ma eKOHOMIYHOMY NONINUEHHIO Micma.
3anpononosani pexomenoayii 015 3anyyeHHs NIOMPUMKU 8I0 6IACHUX CIPYKMYP MA KPYNHO20 Oi3Hec).

Abstract: Perspectives of development and social influence are provided in the paper. The key aspects of the
"Artificial Intelligence Educational and Consulting Center", its mission to develop skills and understanding in the field
of artificial intelligence among all segments of the population, contributing to the social and economic improvement of
the city, are indicated. Suggested recommendations for attracting support from own structures and large businesses.

B cydacHoMy cBiTi OCBiTa cTae cTpareriynuM (hakTopoMm i 3abe3rneueHHsT CTabiIbHOTO
€KOHOMIYHOTO PO3BUTKY Ta YCHIIIHOI iHTerpauii B rinobaibHy chiibHOTY. KitouoBe 3HaueHHS B
IIbOMY KOHTEKCTI Ma€ CTBOpeHHs "OCBITHbO-KOHCYIBTALIHHOTO IIEHTPY MITYYHOTO IHTEIEKTY", IKHIA
CHPSMOBAHUN Ha PO3BUTOK PO3YMIHHS Ta OCBOEHHS OCHOBHUX HaBUYOK B rajly3i 3aCTOCYBaHHS
HITYYHOTO IHTEJIEKTY HAa HEHPOHHHUX MEpeKax.

HIupoxuii 1iana3oH OpoOrpam.

LleHnTp BiOKpUTHI U1 BCIX TPOMAaJsH MICTa, HE3aJE€KHO BiI BiKYy, OCBITH 4u mpodecii.
[Tpononytoun 1HHOBALIKWHI IpOrpaMu Ta KOHCYJbTalii, LleHTp Mae Ha MeTi BianoBigaTu morpedam
PI3HUX COIIATbHUX TPYII.

KapauHaipHe MominiieHHs COialbHOTO Ta eKOHOMIYHOTO IIPOCTOPY.

CrBopennst lleHTpy chopsiMoBaHe Ha KapJIuHaJbHE TMOJINIIEHHA COLIaJbHOIO Ta
€KOHOMIYHOT'O PO3BUTKY MICTa, MalOYH Ha yBa3i:

e 3MEHIIIEHHS COLIaJIbHOI HEPIBHOCTI, HA/Ial0UU JOCTYM JI0 OCBITU Ta MPOQECIITHOrO PO3BUTKY
yCIM BEpCTBaM HACEJICHHS.

o [TigBUIIEHHS SIKOCT1 XKUTTS, 3a0€3Me4y0ul IpoMaIsiHaM KOHKYPEHTOCIIPOMOXKH1 3HAHHS Ta
HABUYKHU, HEOOXIIH1 AJIs YCIiXy B €pl HOBUX TEXHOJIOTIN Ta IHHOBAIIIX.

e CpusiHHS €KOHOMIYHOMY PO3BHUTKY 4e€pe3 3alyueHHsI 1HBECTHIIH Ta CTBOPEHHS HOBHX
POOOYUX MICIIb.

LleHTp sIK KaTadi3aTop 3MiH

Ouikyerbes, mo LleHTp cTaHe MNOTY)XHHUM KaTajli3aTOPOM MO3UTUBHHUX 3MIH Y MICTI,
CHPUAIOYHM CTBOPEHHIO OUIBII 1HKIIFO3UBHOTO Ta CIPaBeIMBOIO CYCHUILCTBA.

PexoMenmari juid OiATPUMKU LIEHTPY

Jlns yenitmHoi pearizalii IpoeKTy, He0O0XiIHO:

e [IpuBepraru yBary BIacCHUX CTPYKTYp 1 KpyIHOTro 0i3Hecy. 3ayuyeHHs CHIIbHUX MTapTHEPIB
3a0e3MeUnTh PECYPCH Ta EKCIIEPTHY MiATPUMKY.

e Po3po0nsiTi 4iTKy CTparerito, sika BpaxoBye MOTpeOH cycmiibcTBa Ta mapTHepiB. Lle
N03BOJIUTH LIeHTpY epeKTUBHO B3aEMOMISTH 3 PI3HUMH 3aI[iKaBJICHUMH CTOPOHAMHU.

3a 1onoMororo 1ux 3axo/1iB "OCBITHbO-KOHCYIbTAIIHUI HEHTP IITYYHOTO THTENEKTY" MOXKe
CTaTH JKEPEJIOM MOAATIBIINX MO3UTUBHUX 3MiH ISl HAILIOTO MiCTa.

Konkpetni mnpukinagu Toro, sk LleHTp MoOke IOMOMOTTH TOKPAIIUTH COIllaIbHUN 1
€KOHOMIYHUH MPOCTip MicTa:

e [leHTp MOXe HasiaBaTH OE3KOLITOBHI a00 JOCTYIHI 3a LIHOI KYypCH 3 IITYYHOTO 1HTEIEKTY
JUIS JIIOJIeH, SIK1 HE MalOTh MOKJIMBOCTI OTPUMATH OCBITY B TpaJulliiiHOMy yHiBepcuTeTi. Lle
JIOTIOMO>KE€ 3MEHIINTH COLIAJbHY HEpIBHICTh 1 HAaJaTH MOXJIMBICTH Ui npodeciiiHoro
PO3BHUTKY JIFOJISIM 3 YCiX BEPCTB CYCIIIBCTBA.
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o [[eHTp MOXE pO3pOOIATH TPOrpaMu HABYAHHS, SKi aalTOBaHI J0 MOTPeO PI3HUX TPy
HaceneHHs. Hanpukian, s moneit noxusoro Biky LleHTp Moxe 3anpornoHyBaTH KypcH 3
IITYYHOTO 1HTEJEKTY, $IKI JIOMIOMOXYTh IM BHKOPHCTOBYBATHM HOBI TEXHOJOTI B
MOBCSK/IEHHOMY JKHUTTI.

e [[eHTp MOXKE CHiBIIpaIfOBaTH 3 MICIIEBUMHU ITIANMPUEMCTBAMH, 100 PO3POOMTH MPOTrpaMu
HaBYaHHS, SKI BIAMOBITAIOTH MOTpedam iXHIX mparmiBHUKIB. [le M0moMoXxe MiIBULUTH
MPOTYKTUBHICTH TIpalli Ta 3a0XOTUTH 1HHOBAIIIT B MiCIIEBOMY Oi3HecCI.

Ocob6aMBOCTI 3aCTOCYBAaHHS MOXIIMBOCTEH IITYYHOTO 1HTEIEKTY

Inest OCBITHRO-KOHCYJIBTALIIHOTO IIEHTPY IITYYHOTO 1HTEJIEKTY Ma€ OCOOJIMBI aKIIEHTH CaMe
Ha BUKOPUCTAaHHI 0COOIMBOCTEHN 3aCTOCYBAaHHS MOMJIMBOCTEH IITYYHOTO iHTeNeKTy. Lle o3Havae, mo
B LleHTp1 HE IPOCTO HaBYATUMYTh JIFO/IEH OCHOBAM LITYYHOI'O IHTEJIEKTY, a i TOOMaraTUMyTh iM
PO3BHHYTH HAaBUYKH Ta 3HAHHS, HEOOXITHI 17151 €(PEeKTUBHOTO BUKOPHCTAHHS IITYYHOTO 1HTEICKTY B
peabHOMY CBITI.

Jleski 3 0COOIMBOCTEH 3aCTOCYBAaHHS MOXKIMBOCTEH INTYYHOTO IHTENEKTYy, Ha SKi imes
LlenTpy poObUTh 0OCOOIMBUIN aKIEHT, BKIIOYAIOTh:

e [HTerpallis MTYYHOrO 1HTENEKTY B pi3HI cepu kutTa. LTyunuil iHTeNnekT moxke OyTH
BUKOPUCTaHUH B Pi3HUX cepax KHUTTS, TAKUX sIK Oi3HEC, OCBITa, MEIUIMHA, TPAHCIIOPT Ta
iHmn. LlenTp gomomarae JrOAsIM  3pO3YMITH, SIK  IITYYHHUH 1HTEJNEKT MOXe OyTu
BUKOPUCTaHUHU JJIS1 BUPIIICHHS! KOHKPETHUX MPOOJIEM 1 MOKPAIICHHS SKOCTI JKHUTTSI.

¢ ETHKa BUKOPHCTaHHSI IITYYHOTO IHTEJIEKTY. BUKOpHCTaHHS IITYYHOTO IHTENIEKTY MOXKE MaTH
SIK TIO3UTHBHI, TaK 1 HEraTUBHI Hacmiaku. L[eHTp HaBUaTUME JIFOJICH MPO €TUYHI ACIEeKTH
BUKOPUCTaHHS LITYYHOI'O IHTEJIEKTY Ta IO T€, IK BUKOPUCTOBYBATH IITYYHUH 1HTEIEKT
BiJITIOBiJAJTBHO.

e besrneka Ta Oe3nexa BUKOPHUCTaHHS MITydyHOro iHTenekry. LlTy4ynuii iHTenekT Moxe OyTu
BUKOPUCTaHUM JUI CTBOPEHHs HOBUX 3arpo3 Oesmneni Ta 6e3neni. LleHTp HaByae mozei npo
MOTEHI[iHI 3arpo3u, MOB'A3aHi 3 BUKOPHCTAHHIM INTYYHOTO IHTEIEKTY, Ta MPO Te, 5K
3aXMCTUTHCS BiJl IIUX 3arpo3.

LleHTp TaKkoX JONOMaraTuMe JFOIIM PO3BUBATH HABUUKH KPUTUYHOTO MUCIICHHS Ta aHaNTi3y,
HEOOX1/H1 7151 €()eKTUBHOI'O BUKOPUCTAHHSI IITYYHOTO 1HTENEKTY. Ll HaBHUKK 101oMararoTh JI0 1M
OLIIHIOBAaTH JOCTOBIPHICTh 1HoOpMaIli, fKa T€HEPYEThCA IITYYHUM IHTEIEKTOM, 1 NpUMaTH
oOI'pyHTOBAaHI pillIeHHS Ha OCHOBI L€l iHpopMmaLii.

3a 10noMoror 1ux 3ycwib LleHTp gormomaraTume JroAsIM 3pO3YMITH, SIK IUTYYHUHN 1HTENEKT
Moke OyTH BHUKOPUCTaHMU JJIi BUPILIEHHS KOHKPETHUX MPOOJEeM 1 MOKpAIIEHHS SKOCTI KHUTTH,
MJIaHyBaTH Oy/b SIK1 3aXO0JIM 1 BTUIIOBATH iX B KUTTS Ha MiACTaBl ONTUMI3aIlii BUKOPUCTAHHS BCIX
HasiBHUX PECYPCIB.
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Maiictpenko O.C., Kmommn JI.A. (Kuiscokuii nayionanvHuil yHieepcumem imeni
Tapaca lllesuenxa m. Kuis, Yxpaina)

JUATHOCTHKA PAKY MOJIOYHOI 3A/103H 3A JOIIOMOI'O10
3rOPTKOBOI HEIPOMEPEKI I ®PAKTAJILHOT'O AHAJII3Y SIJIEP
BYKAJILHOI'O ENITEJIIIO

Anomauin: Mema nybnixayii — onucamu HOBUU eheKMUBHUN MeMOO CKPUHIHEY PAKY MOJOHHOL
3a103U, 3ACHOGAHUN HA OOCHIONCEHH] QPAKMANLHUX GIACMUSOCMEN XPOMAMUHy 6 nogapbosanux 3a
Denveenom a0pax OYKKATbHO20 enimeniio 3a 00NOMO2010 MAuUHH020 Haguanus. Cnouamky e KOpomKuil
0271510 OOKYMEHMI8 NPO 3MIHU, NOB S3AHI 31 3N0AKICHUMU HOBOYMBOPEHHIMU. J]ani Onucano mopgomempuine
00CHIOJNHCEHHS. MA AHANE3 300PAXNCEHHs 3MIHU, NOG'SA3aHI 3i 3N0AKICHUMU HOBOYMBOPEHHAMU 8 OYKAIbHOMY
enimenii. Ilicns ybo2o onucyemvca paxmanvuuil ananiz xpomamuny. Marwouu ¢hpaxmanvhy inmepnpemayiio
BXIOHUX 300padicets, 6)10 NOOYOYBAHO 320PMOYHA HEUPOHHA MEPENCA 3 ONUCOM APXIMEKMYPU.

Abstract: AThe purpose of the publication is to describe a novel effective method for screening of
breast cancer based on investigation of fractal properties of chromatin in Feulgen-stained nuclei of buccal
epithelium using machine learning. It starts with a short survey of papers on the malignhancy-associated
changes. Then the morphometric research and image analysis of malignancy-associated changes in buccal
epitheliumare described. After that it describes the fractal analysis of the chromatin. Having fractal
interpretation of input images, convolutional neural network is built, proceeded with architecture description.

CyuyacHuii cTaHZapT Uil JAIarHOCTMKM paKy MOJIOYHOI 3ajl03M BKJIIOYA€ IPOBEJICHHS
KJIIiHIYHOTO OOCTeXeHHs, Mamorpadii Ta acmipamiiiaoi Giomcii. Lleit miaxin 3a0e3medye BUCOKY
TOYHICTh J1arHOCTHKH, NpoTe Mamorpadis BKiIOYae B ceOe BIUIMB pajiallii, a Mpoueaypa
acmipaniifHoi O1omcii MOXKe HPU3BOAUTH JI0 YIIKO/DKEHHSI NMyXJWHM. Lle mpoTupiunTh BUMOram
0e3MeKH Ipu CKPUHIHTY, TOMY BEIMKOIO0 HEOOXIIHICTIO € po3po0Ka e()eKTHBHOIO METOly CKPHUHIHTY,
sKuil OyB OM HeiHBa3MBHUM 1 Oe3mevynuM [1]. TakuM YMHOM, MU MPOTMOHYEMO BHKOPHCTOBYBATH
HEIHBa3MBHI METOAM JOCHIKEHHS 3MiH, MOB'A3aHHUX 13 3JI0SKICHUMH HOBOYTBOPEHHSMHU B
iHTEepda3zHuX Aapax OyKKaJIbHOTO EMITEeNi0.

I[leprri moBioMIIEHHS PO 370SKICHI 3MiHU 3'sBHiMCS B 1960-X pokax, Kosiu OyJio HIMPOKO
BHUBUYEHO BMICT X-XpOMAaTHHY B COMAaTMYHMX KIIITUHAX 1 BHUSIBJIEHO HOro JIAOUIBHICTh IPU PI3HUX
(GYHKLIOHATBHUX 3MiHaX OpraHi3My 1 3araJlbHOCOMAaTH4HOI marojorii. [Ipy HasBHOCTI B opraxi3mi
INYXJIUHU CIIOCTEPIraloThCS 3HA4YHI 3MIHM BMICTy X-XpOMaTuHy B OyKajJbHOMY emiTenii Ta
HelTpodinax mepudepuunoi kpoBi. Takoxk Oyno MokKazaHo, IO 3MiHU KITBKOCTI KMTHH 3 X-
XpPOMaTHHOM 3YMOBIJIEHI NOPYIIEHHSMHU (DYHKI[IOHAJILHOTO CTaHy FeTePOIMKIIUHOT X-XPOMOCOMH.

Ocob6nuBuil 1HTEpeC MNPEeACTaBIAIOTh pPOOOTH, IO MOKa3ylOTh 3MIHM B €MITENIOIHUTaX
OYKKaJIbHOTO €MiTeN0 y XBOpUX Ha myxiuHu. Tak, y 1960-x pokax H. HiGypr3 i iioro ciiBaBTOpH Y
[2] moBimoMuM mpo XapakTepHHUH MEPEepO3NOIT Mac XpPOMAaTUHY B COMAaTHYHHUX KITHHAX Y 77%
XBOpHUX Ha paK 1 HA3BaJM 11 3MIHM MyXJIMHOACOL1HOBaHMMH 3MiHaMu. OCTaHH1 XapaKTepHu3yBallnucs
301IBILIEHHSIM PO3MIpIB sA€p EMITEeNIOUUTIB, 30UTBIICHHSIM PO3MipiB 30H «0OMEXKEHOT0» XpOMATUHY,
AK1 OyJIM OTOYEHI CBITJIMMHU 30HaMH. Taki K 3MIHU CIIOCTEpIraiucs B KIITUHAX MEYIHKH, HUPOK Ta
1HIIKX opraxiB. Takox OyJi0 MOBiAOMIIEHO, 1110 3MiHH, IOB'SA3aH1 31 3T0IKICHUMU HOBOYTBOPEHHIMHU
cnocrepiranucs B OykaimbHOoMy emitenii 74% maiieHTiB 31 370AKiCHUMH TyxiuHaMmu. [lokazano
30inbmmenHs Bmicty JIHK y sapax emiTemionuTiB y XBOPUX Ha 3JI0SKICHY MEJaHOMY MOPIBHIHO 3
NPaKTUYIHO 3I0POBUMH KiHKaMu. BoiHOUAC BUSBICHO 3MEHIIICHHS KUTBKOCTI XpOMAaTHHITO3UTHBHHUX
KITHH (X-XpOMaTHH) y XBOPHX Ha 3JIOSKICHY MeJaHOMY MOpIBHSHO 3 TakKOI y MAli€HTIB i3
JTOOPOSKICHUMH HEByCaMH Ta B KOHTPOJBHIN Ipymi. Y XBOPUX HA paKk MOJIOYHOI 3a703H BUSBIIEHO
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3outbmenHs Bmicty JIHK Ta po3mipy inTepdasHux saep OyKKaabHOTO emTelnio. Aje AesKi aBTOpH
npu 1HTocnekTpodoTomerpuuHoMy Bu3HaueHHI Kimpkocti JIHK B emitemionmrtax OyKKaabHOTO
eMITEeNII0 Y YOJIOBIKIB 3 €MITETIOMOI0 OpPOHXIB HE BUSBIJIM ICTOTHOT PI3HHUII MK IIUM IMOKa3HUKOM Y
XBOPHUX 1 Mal’Ke 37J0pOBHX 4OJIOBIKiB [3].

[liznime Oyna 3poOieHa crnpoba BUKOPUCTATH 3MIHM OYKKaJIBHOTO CIITENII0 s
XapaKTepUCTHKH BIUIMBY NyXJIMHM Ha 1 crad. Takoxk Oynu cmpoOu oxapakTepusyBaTH Ta
OOTpyHTYBaTH MOXJIMBICTh BIUIUBY MYyXJIMHU Ha (YHKIIOHAJBHUN CTaH OyKKaJIBHOTO CIITENI0 3
METOI0 BUKOPUCTAHHS OTPUMAHMX JIaHUX JJIS XapaKTEPUCTUKH Mepediry mpouecis, o BiOyBalIucs
B OpraHax, BIIaJICHUX B1Jl IIyXJIMHU, Ta BUSBJIEHHS 3aKOHOMIPHOCTEH, 1110 XapaKTepU3yTh epeodir
UX TporeciB. Y 77% NariedTiB 3 MyXJIMHAMH Pi3HOI JIOKami3alii (KapiuHOMH, TiM()OMHU, CEMIHOMH)
CIOCTEPIraloThCsl MOPYIIEHHS, [0 BUPAXKAIOTHCA 3MIHAMU AJIEPHOTO Marepiaiay, HEOJHOPIAHICTIO
PEUOBHMH XpOMATUHY Ta 3MiHaMH sAepHUX MeMOpaH. KputepisiMu OLiHKY MyXJIMHHO-aCOLIHOBaHUX
3MiH Oynu nutodoTomMeTpryHi qociimkeHHs BMicty JJHK, po3mipiB sapa 1 UTOIIa3Mu Iy XJIMHHUX
KIIITHH, XapaKTepy PO3IMOALTY XpOMATHHY B sIpi. AJie HE BAAJIOCS BUSBHTH YiTKi 3aKOHOMIPHOCTI,
BJIACTHUBI MyXJIMHHOMY MpPOIECY, KpiM 30UIbIIEHHS PO3MIpIB siiep MyXJWHHUX KIITHH 1 3MiHU
SEPHO-IIUTOIUIA3MATHYHUX BigHOCHMH. OJHAK HE MOKHA OyJ0o 3amepedyBaTH, [0 BHUSBICHI
HOPYLIEHHS MOB'S13aH] 3 BILIUBOM ITyXJIMH Ha (DyHKI[IOHAIBHUHN CTaH CIM30BO1 000JIOHKH OPOKHUHU
pora.

V [4] 6yno BusiBieHo, 1o ymakoBka JJHK y kiiTHHHEX sapax Mae (pakTaibHi BIACTHBOCTI,
tobto JIHK 3akpydena sk TpuBmmipHa KpuBa I[leano. O6macTio iHTEHCHBHHX JOCIIKEHb CTaB
bpakTanpHui aHami3 KITHUH. DpakTanbHy pPO3MIPHICTh BBaXAIOTh €(HEKTHUBHUM IOKa3HUKOM
TeTepOreHHOCTI KIITHH KOMIUIEKCHOI rimeprurasii eHmomerpis Ta mobpe audepeHmiioBaHol
€HJIOMETPIO0iJHOT KAPIIMHOMH, a TAKOX SIK IPOTHOCTUYHUIN (DaKTOp Ul BHXKUBAHHS IPU MEJIAHOMI,
JeiikeMii Ta IHIIMX 3aXBOPIOBaHb. TakoX OyJM TOCITIKEHHS, SIKi MOKa3ald 3HAYHUN MOTEHIIAT
bpakTanbHOT PpO3MIPHOCTI AJIS OLIHKK MOpQosoriyaux aAaHux. OgHak BOHU OyJid 30Cepe/DKEeHI Ha
NYXJIMHHUX KIIITHHAX, 8 HE Ha KJIITHHAX OyKKAJIBHOTO emiTeNito. TakuM YMHOM, MOKHA TIPUITYCTHTH,
mo (pakTanbHi BIACTUBOCTI BiZJOOPaXKalOThbCA HA PO3MOJALUI XPOMATHHY B siipax OyKKaJIbHOTO
eMITeNiI0 1 MyXJIMHA MOKEe BIUTUBATHU Ha II€H O30T, BUKIMKAIOUX 3MIHH, TIOB’s13aH] 31 3JI0SIKICHUM
HOBOYTBOPEHHSIM.

Y po6orti [3] OyJ10 g0oCIiKeHO KOHTPOIbHY Ipyiry (29 0c¢if), rpyIy XBOpuX Ha pak MOJOYHOT
3ano3u Il cranii (68 xBopux) Ta rpyny XBopux Ha ¢idpoaneHomatos (33 xBopux). Yci JAiarHo3u
nepeBipeHi ricrosiorivao. Mopdosoriuanii Habip nanux ckianascs 3 20256 300paxeHs iHTepdazHux
anep OykkalbHOTO emniTenito (6752 siapa, CkaHOBaHUX y TPhOX BapiaHTax: 0e3 (ijbTpa, uepes >KOBTUH
¢GuIbTp 1 uepe3 (10eToBUI PUIBTP).

MopdororiuHumMi MartepiajJaMi € Ma3KH eMiTeNIOLUTIB CIN30BOi 0OOJIOHKH MOPOXHUHU
poTa cepelHbOl TTTMOMHM OCTHCTOTO IIapy, BUCYIIEHI IpHM KIMHAaTHIM TeMmeparypi, (pikcoBaHi
cyminmto Hikipoposa Ta 3abapsiieHi 3a @enbrenom xonoHuM rigpoinizom y HCI npotsrom 15 xB
npu t = 21-22 C. XpomaTtuH, nodapdboBanuii @enbreHoM, aHani3yBajli 3a I0IIOMOI0l0 aHajli3aTopa
Olympus, mo ckiagaerses 3 Mikpockona Olympus BX, kamepu Camedia C-5050 3 ungpoBuM 3ymom
1 KOMIT'10Tepa. Y cepellHbOMY KOKEH IpernapaT CKIaJaeThes 3 52 KIITHH Y KOXKHOMY Iperapari.
Bwmict JIHK-dykcuny B siapax emiTeNioONUTIB pO3paxoBYBaJIHM K JOOYTOK ONTUYHOI T'yCTUHH Ha
mionty. Y pe3yJbTati MepIioro eTany aHajizy 0yJa0 OTpUMaHO 300paKeHHsI PO3IOALUTY XpOMATHHY Y
BUTJISAL MaTpulli po3mipom 128x128 mikcernis.

Hamararounce Bijo6pa3utu (pakTaibHUNA XapakTep po3MOoALTy XpOMaTHHY Ta 3a0€3MeUnTH
1HBapiaHTHICTH MIOJ0 TIOBOPOTY 300paxkeHHsl, 0y0 MO0y IyBaHO KPUBY 3allOBHEHHS MPOCTOPY, IO
MIPOXONTHh YePe3 KOXKEH IIKCENIbh 300paKeHHS Ta TOCIIIOBHO 3unTaHo 3HauyeHHS RGB kompopi
HiKCceIiB 300pakeHHs, a He PAJOK 3a PSAAKOM. Y pe3ysbTaTi MOKHA BiI0Opa3sUTH MaTPUIIO MiKCEIiB
Ha TpU BEKTOPH, L0 BIAMOBIAAIOTH TPbOM KaHaiaMm KojipHoi Mozeni RGB. B skocti kpusoi
3aMOBHEHHS IPOCTOPY OYyJI0 BUKOPUCTaHO KpUBY CepriHCHKOTO.
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Ilepen 3acTocyBaHHSIM METOMIB aHami3y (GpaKTaJIbHOTO 300paKEHHS MOro HEOOXIITHO
nornepeaHbo 00podutu. s mporo y podoti [3] Oymo 3acrocoBano merox Otcy. et meron
BUKOPHUCTOBYETHCS JUIsi BUKOHAHHS NOPOroBoi OiHapu3allii HamiBTOHOBHX 300pakeHb. AJNTOPUTM
nepeadavae HasgBHICTH JBOX KJIACiB TiKcesiB (OCHOBHMX 1 (POHOBHMX) Ha 300paKeHHI 1 HIyKae
ONTUMAIBHUHN MOPIT, KUK PO3AUISIE iX Ha ABA KJIAacH, 00 X BHYTPIIIHBOKIIACOBA JMCHEpCis Oyia
MiHIMaJTbHOIO.

IcHye Kigbka MeTOXiB OOYMCiIeHHs (pakTaabHOI po3mipHOCTI 300paxenHs. Y [3] Oyio
o0paHO MoOKa3HUK XepcTa, TOMY IO BiH JyX€ MiAXOAUTH JJIS MOCHiTOBHOTO aHamizy. [loka3HuK
Xepcra noB'si3aHul 3 ppakTanbHO0 po3MipHicTIO D dopmymoro H =2 — D.

BigmoBigHo 10 moka3zHuka XepcTa MOXKHA KiIacu(iKyBaTH IOCHTIIOBHICTh JaHWX 3a IX
XaOTHYHUMH BiacTUBOCTAMH. Skmo 0 < H < 0,5, mocaigoBHICTh BBAKAETHCS €PrOUIHOI0, TOOTO
SIKIIIO TTOCITITIOBHICTH 301bIIMIIACS B TIONIEPEIHBOMY CETMEHTI, BEJTMKa IMOBIpHICTh TOTO, IO BOHA
3MEHIIUTHCS B HACTYIIHOMY CerMeHTi, 1 HaBmaku. ko H = 0,5, To mocai10BHICTh € XaOTUYHOIO,
TOOTO 1X 3HAYCHHS HE BIUIMBAIOTHh HAa HAcTymNHi 3HadeHHs. ko 0,5 < H < 1,0, To mocIi10BHICTh €
TPEHI0BO-CTA0UIbHOIO. SIKIIO TMOCHIJOBHICTh Yy TONEPEIHbOMY CETMEHTI 301IbIIyeThcsl abo
3MCHIIYEThCS B TOMEPEAHHOMY CETMEHTI, BOHA JyK€ WMOBIPHO 30epexe If0 TEHICHIIIO B
HAcTynmHOMY cerMeHTi. Skmo H > 1, To mocnigoBHICTh € ¢pakTalbHUM BUIMIAJAKOBUM MPOILIECOM i3
HE3aJICKHUMHU CTPUOKAMU aMILTITYH, BUKOPUCTOBYIOYH po3moii JIesi.

B pesynbrati, a1si KOXKHOTO MallieHTa JaHi mpeacTaBisuid 3 cebe TphoxkaHaibHi (RGB)
BUOIpKH (pakTalbHUX po3MipHOCTEH saep. BuOipku iCTOTHBO BiAPI3HSIMCA 3a KIJIBKICTIO
eneMeHTiB. ToMy Ipu MiArOTOBII IaHUX epe]l HABYaHHIM HEUPOHHOT MEPEeXki AJIs KOXKHOI BUOIPKU
Oyi10 00UMCIIeHO N KBAaHTUIIIB, Jie N — KUTBKICTH €IeMEHTIB y HaliMeHIIi# 3 BuOipok (puc. 1).
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Puc.1. [Ipuxnan y3aragbHeHHs] HABYAIbHUX BUOIPOK Yepe3 KBaHTHIIL

Bnacninok mpoBeneHnx eKcriepuMeHTIB Oyiia po3po0iieHa 3roOpTKOBa HEMPOHHA Mepeka JIJist
kinacudikamii TaHUX, sIKa BKJIIOYAE PsAJ KOMIIOHEHTIB: 3ropTkoBi mapu Convld, mapu mymiHry,
MOBHICTIO 3'€/JHAaHI IIapH Ta IIapu HOpMai3alii Ta peryispusaiii. Y npsMomy Ipoxo/i BXiHi JaH1
NPOMIIOBIIM 3rOPTKOBUH IAp, MPOXOAATh Yepe3 IIapH IyJNIHTY Ta MOBHICTIO 3'€lHaHi IIapy,
3a0e3mevyroun KOMIUIEKCHY 00poOKy 1 agamnTariito 10 ocobnuBocteit nanux. Convld € kiro4oBuM
KOMITOHEHTOM apXiTeKTypH Mepexi 1 MpU3HAUYEHUH 17151 BUSBJICHHS JIOKAIBHUX MAaTEPHIB Yy BX1THUX
nanux. 3roptkosuii map Convld go3Bossie Moneni epeKTUBHO aHANI3yBaTH MPOCTOPOBI OCOOIUBOCTI
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Yy BXIJIHUX JIaHUX, BUKOPHCTOBYIOUH SIAPO 3FOPTKH Ta BpaxoByrUu oOcAr iHopmarlii 3aBIsKu
napamerpy padding.

Jlnst BUIUIGHHS TPUXOBAaHMX O3HAK B HABYANbHUX JaHUX OYyJIO TPOBEICHO JEKiTbKa
EKCIEpPUMEHTIB 3 TOYAaTKOBUMH IapaMu HEWpOHHHOI Mepexi. Haiikpamii pesynbraTté Baaiocs
OTPUMATH 3 OJHOMIPHMM 3TOPTKOBHM IIAapOM Ha BXOZl MOJENi. 3a JOMOMOTOI 3TOPTKH OyJIo
BUIIEHO K pUXOBaHKMX MOCIIOBHOCTEH MEHIIMX IO JOBXKHHI 32 BXIIHY, SIKI Jai nepeaaBaaucs
miMepeki, mo ckiaamaerbes 3 aekinbkox fully connected mapis.

Mopnens 3 OJHOBUMIPHUMH 3TOPTKOBHUMH IIIApaMH BUSBISETHCS OyXKe EPEKTUBHOIO Y
knacudikamii manmx 3aBasku 3aatHocTi Convld BuminsaTu jokanbHi ocoOmmBocTi. [loBHICTIO
3'eTHaHI MIApH Ta [Iapy HOpMaTi3allil J0Aar0Th THYYKOCTI Ta CTaOUIBHOCTI MoAedi. (puc. 2.)

convl .weight convl.bias
(64, 3, 3)
[Accunulate6rad | [ AccunulateGrad |

ConvolutionBackward®

ReluBackwardo

UnsqueezeBackwardd

; fel.weight
MaxPool2DWithIndicesBackwarde (e
i i [ squeezesackward1 | [ Accunulatesrad |
[(Accumutatecrad | [ Reshapeatiasackuarde | [Teackearae | | PMeiht onl-bias
[[Addmngackwards | [(Accumutatesrad | [ Accumulatesrad | g;éﬁ‘“;gg%
fe2.bias
e [ NativeBatchNomBackvarde | [ Accumutategrad |
‘ / | |
[ Accunulatesrad | [ Relusackwarde | [ TBackwardo | b"Z('Z‘fﬁllght b"(lz-sbﬁllaﬁ
AddnmBackwardo [Acamutatesras | [Accumitateorad | | f3;veisht
fe3 bias [ nativeBatchnormeackwardo | [[Accumutatecrad |
1 /
[(Accomitatesrad | [ReluBackwards | [TBackvarae | | o2 weloht N
| AddmmBackwardo | | AccumulateGrad | | AccumulateGrad ‘ ff‘;"";;g;‘t

fed Mas | [Nativepatchornackwardo | [(Accumulatesrad |

[(Acomulaterad | [ReluBackwardo | [ TBackwarde | [ *uaia™t D

AddmBackwardo [Accumutatesrad | [ Accumulatecrad |

Nat iveBatchNormBackwarde

Puc. 2. ApxiTekTypa Mozeni
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Jlst MoHITOpUHTY HaB4YaHHS Mepexi Oyno oopaHo ROC AUC — mipy TodyHOCTI ajis 3aaa4
kiacudikaiii npu pi3HUX MOPOTOBHUX 3HAUCHHAX. MoKHA MOOAYUTH, IO 3 OUTBIIOI0 KUTBKICTIO €TI0X,
MOJICITb JIOCSITA€ BIIEBHEHUX PE3YJIBTATIB HA TECTOBOMY JaTaceTi. (puc. 3.)

Test ROC AUC
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0.9 1

wn 0.8

0.7 1

0.6

T
0] 5 10 15 20 25 30 35 40
Epoch

Puc. 3. I'padixk ROC AUC Ha TecToBUX AaHMX ITiJl YaC HABYAHHS MOJICII.

3a paxyHOK CHEeru(pIYHOCTI JaHWUX Ta 3ajadi, MOTpeOyBaJMCsS JOAATKOBI MIIXOMH IS
3a0e3nedyeHHs cTadlbHOT poboTu Mozeni. Lliel uini Oyno AoCATHYTO 3a paXyHOK Cy4acHUX MiIXOiB
B onTUMI3aIlii Heiipomepex, 30kpema batch normalization ta dropout.

Jns  eBamoanii  pe3ynpTaTiB  Mojeni OyJo TMPOBEIAEHO JEKUIbKa EKCIIEPUMEHTIB.
TpenyBanbHMi JaTaceT HE OyB PIBHOMIPHUM — KUIBKICTh €JIEMEHTIB B OJJHOMY 3 KJIaciB IepeBa)aiia
— TOMY 3a OCHOBHI METPUKH Oys10 00paHO uyTIuBICThH (precision) Ta cneundiunicts (recall). 11106
BCTAHOBUTH 0a30BUH PIBEHb JJI1 METPHK, CIOYATKy OyJI0 BUKOPHCTAHO BUIAJAKOBY Mojenb. Jlami
OyJ10 MOPIBHSHO JIBI HEMpoMepexki, OCTaHHS 3 SKHUX Maja 3rOPTKOBMH IIap, 1€ Jano MPUpICT B
3HauUEHHAX MeTpHK (Tadm. 1.)

Bunaakosuii FCN FCN+Convld
TeHEPAToOp
Yyrausicts (precision) | 0.56 0.83 0.94
Crerudiunicts (recall) | 0.49 0.8 0.91

Tabn. 1. IlopiBHSAHHS pe3ybTaTiB pI3HUX MOJIEIeH

BUCHOBKU

VY 1poMy JOCHTIJDKEHHI OMHMCAHO YCIIIIHY PO3pPOOKY 3rOpPTKOBOI HEHMpPOHHOI Mepexi A
MIPOTHO3YBAaHHS PaKy MOJIOYHOI 3ayio3u. BXimHI NaHi BKITIOYAIOTh TPbOXKaHAJIbHI BHOIPKH, SKi
NPEJCTaBISIOTh KOJHOPOBY 1H(OpPMAII0 3 TPhOX OCHOBHMX KaHAJIB: YEPBOHOIO, 3€JEHOr0 Ta
cunboro. II{o6 cranmapTu3yBatH 111 1aHi, BOHU po30uTi HAa N KBaHTHIII.

ApXxiTeKkTypa Mojesl BKJIIOYae B ceOe mepmMid map y BHUIVIAAI HETHUIIOBOI OJHOMIpPHOi
3ropTKoBO1 Mepeki. Lle pileHHs cripusie BUSBIEHHIO O3HAK, MTOB'S3aHI 13 pakoM MOJIOYHOI 3a1034. 3a
pe3yJbTaTaMH eKCIIEPUMEHTIB MO/IENb ITPOJEMOHCTPYBaIa BEIUKY BIYUHICTh, epeBuiytoun 94%.

[TopiBHSIHHS 3 ICHYIOUMMHU METOJaMH J1arHOCTHKH IT1IKPECIIUIIO TIepeBark 3apornoHOBaHOTO
niaxoay. Bucoka TouHICTh Ta 34aTHICTh aJanTyBaTUCS A0 PI3HOMAHITHUX (OPM AaHUX POOJIATH IO
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MOJICNIb TIOTCHIIIHHO KOPHUCHOK Yy KJIHIYHINA mpaktuii. [leTtanpHuil aHami3 mokasaB, 11O MOJENb
e(eKTUBHO pearye Ha pi3HI XapaKTePUCTUKUA TaHUX, IO JO3BOJIsE€ 3pOOUTH BHUCHOBOK TpO i
THYYKICTb Ta YHIBEPCAIbHICTb.

[ToTeHmiiftHI HAPSIMKK TMOMAIBIINX JOCTI/KEHb BKIIOYAIOTh PO3MIMPEHHS IaTaceTy s
MOJIIMIICHHS] 3arajbHOI HAAIHHOCTI MOJENI, a TaKOX YIOCKOHAJICHHS apXiTEKTypH MEpPExKi.
JlonaTkoBi aCMeKTH, Taki sIK BpaxyBaHHS 1HIINX MEIUYHUX MTApaMETPiB, MOXKYTh TaKOXK IMOKPALTUTH
POTHOCTUYHI MOJIMBOCTi CUCTEMHU.

VY 3aKkiroueHHi, BUCOKI PE3yJNbTaTH LbOTO JOCIKEHHS CBIT4aTh NP0 3HAYYLIMA BHECOK
3rOPTKOBHX HEMPOHHUX MEPex y chepy MeAMYHUX IOCITiKEHb, 30KpeMa B MPOTHO3YBaHHI PaKy
MOJIOYHOT 3aJ103H.

ABTOpHU BUCJIOBIIOIOTH BASUHICTH ['omy0eBoit K. M. ta bopomait H. B. 3a nagani gani ms
HABYaHHS MOJEIICH.
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MeabaukoB O.10., Kaneaemyk A.O. (/Jonbacvka Oepoicasna mawunoOyoieHa axaoemis, M.
Kpamamopcwk, Yrpaina)

3ACTOCYBAHHS 3rOPTKOBOI HEMPOHHOI MEPEXI 1151 KJIACUDIKAIIII
MOHET AHTUYHOTI' O CBITY

Anomauia: Poboma npuceéaueHa MONCIUBOCMI 3ACMOCYBAHHA MemOoOoi8 WMYUHO20
iHmenexkmy 05l K1acughikayii ahmuyHux MoHem. 3anponoHo8aHo apximekmypy HeupoHHOI Mepeici,
npogedeHo ii mecmy6anHs, NPOBeOeHO aHali3 pe3ylbmamis, ma ONUCAHO WLIAXU NOOANbULO20
PO36UMKY.

Abstract: The work is dedicated to exploring the application of artificial intelligence methods
for the classification of ancient coins. An architecture for a neural network is proposed, and its testing
is conducted. The results are analyzed, and avenues for further development are described.

I'pormi — 11e HeBiAIbHA YacTHHA Oy/b-sIKOi BUCOKOPO3BHUHEHOI IIUBLTI3AIlT Ta IHKOJIN Maibke
€IVHUI ciiJ icHyBaHHA i€l muBimizamii. Yepe3 Te, M0 y JaBHUHY T'pOIIi pOOWIHM 3 KOIITOBHHUX
MeETaiB, apXEoJIOTH 3HAXOASATh JOCUTH BEIHKY KUTbKICTh MOHET Ha MICHSAX ICHYBaHHS BEIHKHX
PO3BUHEHUX LUBITI3amiil. [HKOMM TiNbKH 3aBOSKK 300paKCHHSIM HAa MOHETaX MH MAa€MO YSBICHHS
po Te, K BUIVISAANU aHTUYHI Lapi, e MPOXOIMIN TOPTOBI IIJISXU Ta 1HIIY IIKaBy 1 KOPUCHY IS
icTOpuKiB iH(pOpMAILiTO.

3a3BuYaii Ha AHTUYHUX MOHETaX 300pa)kalii MOPTPETH 1apiB Ta/abo OOTiB, SKHUX IIaHyBAIU Y
Tii MmicueBocti. Ha pannix monerax (VI — V CT. 10 H.e.) MepeBaXHO 300pa)kajii TBApHH Ta
reomeTpuyHi Qirypu, a 3 IV cT. 10 H.e. 300pakeHHsS TBapuH BUTICHSIOTH 300paKCHHS JIIOCH.
Hominanom MoHeTH ciyryBas ii Marepiaj Ta Bara, TOMy MOTO Ha MOHETI HE BKa3yBaJIH.

Ha tepuropii YkpaiHu B aHTHUYHI 4acu 3HAXOAMJIOCH 7 BEJIIMKUX aHTUYHHUX MICT-TIOJNICIB, a
TaKoX 3HA4YHAa yacTMHa bocmopchkoro mapcrsa 31 cronumero y wmicti [lantukaneid. 3a mepion
ICHYBaHHSI MICT-TIONICIB (3 cepenuHu VI cT. 10 H.e. 10 mepuioi moJoBHHI V CT. H.e.) Oyl0 CyMapHO
BUITYIIIEHO JIECSITKU TUCSY MOHET 3 30JI0Ta, Cpi0iia, MiJii, CBHHITIO, 3aJli3a Ta 1HIINX METaJiB.

Hapasi cymapHa KUIBKICTh 3HAMJEHMX AHTMYHMX MOHET, BUIYLIEHHX B IOjicax, IO
3HAXOAMJIUCS HA TepUTOpli YKpaiHu, 3HAYHO NEepeBUILY€E BIAMITKY y 30 THCSY OIMHULIb, 1 3 KOXKHUM
POKOM TOIOBHIOETHCSI HOBUMHM 3HAX1/IKaMu, 3HAMJIEHUMHU 5K y 3eMJIi, TaK, Ha ’aJb, 1 HA YOPHOMY
pUHKYy. YKpaiHa B 1IbOMY HE YyHIKaJbHa Jep:kaBa, 00 CXOXka CHUTyallis, TUIbKM II€ B OLIbIIOMY
MmaciTa0i, € B ycix kpainax Cepe3zeMHOMOp 1.

OpHak aBTOMaTH4HA Kiacu]ikallisi MOHET € 3ajJa4yelo, sIKy J0 KIHLS HEMOXIINBO BUPIIIUTH,
yepe3 Te 110 B aHTUYHI YacH KOKHE MICTO Ta KOXKHUI 1ap kapOyBaji CBOi MOHETH. AJie € HEBEIIMKa
(TOPIBHSHO 3 YCI€I0 PI3HOMAHITHICTIO BUJIB MOHET) KUIbKICTh THIIIB MOHET, SIKI 3yCTPidaloThCs Y
JECATKH pa3iB yacTimie, Hix iHmI. Hac 3apa3 He 1ikaBUTh, YOMY TaK OCTalOCs, 1[0 OAHUX MOHET
KapOyBanu 6arato, a iHIMX Majo (6arato MOHET JIMIILIIO /IO HAC B €IUHOMY €K3eMIUIIpi a00 B HAJITO
MaJIOMy THUPaxi), a HaC IKaBUTh T€, 110 MMOBIPHICTh BiJIIIYKaTH MOHETY OJJHOTO THITY 3HAYHO BHUIIIA,
HIXK BIJIIYKaTH MOHETY 1HIIOTO TUIY. TOMY SIKIIO MEpEeBIpSITH MOHETY, YU HE HAJEeKUTh BOHA IO
OJTHOTO 3 MOMYJIIPHUX TUIIIB, MO’KHA aBTOMaTUYHO KJIaCU(iKyBaTH OUIBIIICTh 3HAX1JIOK.

[H1II0F0 TIPOGIIEMOTO € Te, M0 KUTHKICTh MOHET KOXKHOTO THUITY BETHYCHHA Ta MOXE CTPIMKO
3poctary. Hanpukiaz, SKIo cboroiHi MU 3Ha€EMO TP MOHETH YMOBHOT'O TUITY «A» Ta 3a 11 piAKiCTh
il He BKIIOYATh 10 Kiacu(ikailli, HIXTO HE JaCTh TapaHTii, 0 Yepe3 piK, a MOXE 1 paHilie He
BIJIIIYKatOTh cKapO B skomy Oyze mie 20 — 30 Takux MOHET.

Tomy mpu po3poOiii cuctemu kiacudikaiii MOHET Oynu repeadadeHi HacTymHI 0COOITUBOCTI
TaKOi 3HAX1JIKU K MOHETa:
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1. HeBigoma kinbKiCTh KaTeropiid kiacudikarii: TUIbKM B YKpaiHi HapaxoBYIOTh Maiike
JIB1 3 TIOJIOBMHOIO TUCSYi TUITIB aHTUYHUX MOHET, HE Ka)Ky4H PO 1HIII JAePKaBH, 10 3HAXOAATHCS Ha
TEepUTOPii KOMUIIHBOT PUMCHKOI imMmepii, Ta HE BpaxoBYIOUM Te€, 110 aHTUYHA MOHETa MOXKe OyTH
CIUTyTaHa 3 MOHETOIO cepelHbOBIUHOW0. Takok Tpeba BpaxyBaTH Mirpaiiro JIoAel B aHTUYHI YacH,
TOMYy MOHETY, HakapOoBaHy B bopucdeni (MukonaiBcbka 001acTh), MOXKYTh BIAIIYKaTH IeCh Ha
oxonuiix Pumy un Koncrantunono:nto, a B bopucdeni MoxyTh 3HalTH MOHETH, HakapOOBaHi 30BCIM
B IHIIIUX MICIAX iMIIEpii.

2. OcHoBHOMW iH(pOpMAIIIEO IS CHCTeMHU Kiacudikaiii € He ofHe, a IBa 300paKeHHs
ontHi€T MOHETH (3 000X OOKIB).

3. Momneta Moxe OyTH 4acTKOBO YIIKOJKEHOIO, TOKPUTOIO MIAPOM OKCHIIB (0COOIHMBO
aKTyaJbHO JUIS MiJTHUX Ta 3aJli3HUX MOHET) a0o Opymy.

4. Momnera Moxe OyTu aepopMoBaHOK (0COOIMBO aKTyaJdbHO Ui CBHHIIO) a0o0
JTOpOOJIEHOI0 MEXaHIYHO MICHs MITaMIyBaHHS, TOOTO i MaJIOHOK TPOLIKU BIAPI3HSAETHCS Bij
OutbmocTi MoHeT (puc. 1).

5. MoHeTH 0JJHOTO TUIY MOXKYTh MaTH aOCOJIIOTHO Pi3HI, ajle CX0XK1 MAIIFOHKU (pHcC. 2 Ta
puc. 3). BiTbIIicTh MOHET KOXKHOTO THITY MAFOTh TaKi HE3HAYHI BIIMIHHOCTI, 2 HA MAJTFOHKAX ITOKa3aHi
JMIIe AesKi 3 HuX. Takox, HanpuKIIaa, Ha puc. 3 ABi MOHETH Y HIDKHBOMY PSITy 3 JIIBOPYY MaroTh HE
OITYKJIMH, a BIABICHUN MAIIFOHOK. TOMy TOOHMTHCS BHCOKOI TOYHOCTI PO3Mi3HABAHHS JIJISi aHTUIHUX
MOHET € CKJIaJHOIO 33Ja4ero.

Pucynok 1 — [TopiBHSIHHS MOHETH 3 MEXaHIYHOIO JOPOOKOIO (3I1iBa) 3 MOHETOKO 0€3 TOpOOKH
(cmipaBa)
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Tomy Buxonsum 3 OonMcaHUX BUILE BHUMOI Ta 3 ypaxXyBaHHSAM OINMCAaHUX IpobneM OyIio
3aMpOIIOHOBAHO YHIBEPCAIbHY apXiTEKTypy HEMpOMEpEKi, sika Oy/ie HaBYeHA KTacu(PiKyBaTH MOHETH
onmHoro Buay. Ha BXig Takoi Mmepesxi Oyze momaBaTrucs 300pakeHHs] MOHETH y TpaIaiisax ciporo (oo
3HM3UTU 3aJI€KHICTh BiJl KOJBOPY 3HAXIJKH, TOMY, IO 4Yepe3 OKHUCICHHS BIH MOXE 3HAYyHO
3MIHIOBAaTHCh), 3 OAHOTO OOKY, 1 Ha BUXOJIl OTPUMYBATH 3HAUCHHS WMOBIPHOCTI, 3 KOO IS MOHETa
MOX€e Hayle)aTd 110 wiel rpynu. TakuM dmHOM, Yy MailOyTHbOMY 0i0J1i0TEKy MOHET, SIKi BMITHME
KJacu(iKyBaTu cucTema, MoxHa OyJie 3011bIIyBaTH 3 J0laBaHHIM HOBUX HaBYEHUX Mozenel. KoxHy
CTOPOHY MOHETH Tepe]l 3aBaHTAKEHHSIM MOTPIOHO MOMICTHTH Y LIEHTP KBAJAPATHOTO 300paKCHHS 3
o6imum onom (posmip 150 Ha 150 mikceniB). Takoxk st OiIbIN SKICHOTO HaBYAHHS Mepexki Oysio
3po0JIEHO apryMeHTalil0 JaHUX — TeHepyBaHHS HOBHUX (ororpadiii HUIIXOM iX BHIIAIKOBUX
tpanchopmartiii. OcoOIMBO aKTyaJbHOI TpaHCHOPMAIIE€0 JUIsi MOHET € MOBOPOTH Ha JCKUIbKa
rpanycis (8), macmradyBanns (0,08), HeBenuuki 3cysu mikcenis (0,08).

Agie 31 3pocTaHHsM 010J1I0TEKH Y MaliOyTHHOMY OIMCAaHUI BHUIIE TT1IX11 MOXE IPU3BECTH J10
TOTO, III0 Ha aHaji3 OJHi€i MOHETH Oyae WTH AOCUTH 0arato MamIMHHOTO Yacy, TOMY IOTpiOeH
QITOPUTM SIKMH BHKIIIOYaB Ti MOAENI 31 CIYCKy aHajli3y, HEraTUBHMH pPE3yJIbTaT SKUX MOXKHA
nepeadaynTH 3a3aaneriae. Yepes Te anroput™ podOTH MOXKHA OTIMCATH HACTYITHUM YHHOM:

1. ITigroroBiene 300pa)keHHs] 000X CTOPIH MOHETHU IO Yep3i 3aBaHTAXKYEMO JI0 IPOTrpamu.
Takox pa3oM 3 MOHETOIO MEPEeAaEMO KOHTEKCTyallbHI JaHi, K1 JIOTIOMOXXYTh IPOBECTH TEPBUHHY
OILIIHKY MOHETH.

2. Koxny 31 cropiH (o uep3i) MOmaeMoO 0 alropuTMmy, sIKMi migbepe mopmenmi it il
knacudikaiii 3 3arajapHoi 610:110TeKH MOJIeNel Ha OCHOBI KOHTEKCTYyalbHO1 iH(opmalii.

3. KoxxHa cTOpOoHA MOHETH T10 Yep3i MOAAEThC HA0Opy 0i0paHuX MOIETIeH, KOJKHA 3 SIKUX Ha
BUXO/Il BHJIa€ HMOBIPHICTbH TOTO, IO 1Sl MOHETA HAJNEXKUTH A0 ii kareropii. (Kputepiem mist Bindbopy
MOZETIeH I APYTOi CTOPOHH MOHETH € T€, IO SIKIIO P aHaTi31 MepIIoi CTOPOHU SIKach 3 MOJeIeH
HOKa)Ke BEJIMKE 3HA4e€HHS HMOBIPHOCTI, TO JUISl APYroi CTOPOHM HOTPIOHO MEPIIOK MOCTABUTH
MOZETb TSl PYToi CTOPOHN MOHETH TOTO XK BHLY.)

4. O6paxoByIOTbCSl CKJIaJHI MMOBIPHOCTI JUIsl Mojesiell 000X CTOpPiH MOHET OJHOTO BHIY.
BuBOmuTHCS 3BIT KOPHCTYBadYy.

3po3ymilio, 1110 OCHOBHOIO 200 IEHTPAJIBHOI YAaCTHHOIO 11€i CUCTEMU € HEHPOHHA Mepexa,
AKY MO>KHA HaBUUTH JUIsl OyIb-sIKUX MOHET. Y XOJ1 pSAY €KCIIEpUMEHTIB 3 PI3HUMHU apXiTEKTOpaMu
3rOPTKOBMX HEHPOHHMX Mepexk, 00 came I apXiTeKTypa Haiikpaiie ceOe Mmoka3ye y poOoTi 3
rpadiuHuMu  oOpazamu, OysnO BHSBIEHO, IO ONTHUMAJbHOIO apXITEKTYpOIO € Mepexka, sKa
CKJIaJIa€TeCs 3 YOTUPHOX ILAPIB 3TOPTKH 3 SAPOM 3TOPTKU 2X2 Ta YOTUPHOX HIAPIB IMYJIHTY, KOKEH 3
SKMX 3MEHIIy€ BXIJHUH BeKTOp B 4 paszu. st KOHTPOIIO IepeHaBYaHHS BUKOPHCTOBYIOTHCS IIApH
Dropout siki po3TaloBaHi Miciis MepIoi Ta Apyroi rpynu 3ropTka-mymiHr 3 koedinieatom 0,2. binb
JIETaJIbHO CTPYKTYpY MoOKazaHo y Tabmuii 1. DyHKIlsS akTUBalii Ha BCIX Mapax KpiM BHXITHOTO
ReLU, ¢ynxkuis aktuBanii BuxigHoro mapy Softmax, sikuif Bugae WMOBIpHOCTI TOTO, II0 MOHETa
HAJIC)KHUTH 200 HE HAJICKHTBH 10 3aJIaHOTO THITY, 1[0 MOKE OyTH KOPUCHHUM ITPH BUKOPUCTAHHI CUCTEMHU
eKCIIepTOM: Hapasi cucrteMa oOupae Oibllle 3HaUeHHs A Kiacuikaiii MOHETH, ajle y CHUTYyallli,
KOJIM TIOKa3HUKM WMOBIPHOCTI JOCHUTH CXOXI, TaKUi BHUOIp MOXe MPU3BECTU IO HENPABUIHHOTO
pe3ynbrary. OyHKIiS BTpaT — KaTeropiajbHa KpOCEHTPOIIis, oNTHUMi3arop — adam. Ycboro Mosenb
Mae 2 MUIBHOHHM MapaMeTpiB, UIsl poOOTH SKUX 3HanoOuThes 8,66 MB omeparuBHOi mam’sti. st
BCIX TECTIB BUKOPUCTOBYBaBcs (peitmBopk Tensorflow, Ta ioro HagOynosa ans Python — Keras.

Takox TectyBanucs BapiaHTU Mepexi, K1 BUKOPUCTOBYIOTh HE MOHOXPOMHI, a KOJIbOPOBI
RGB 300pakeHHs, 1 X04a Taka MOJENb TPOXHM Kpalle BiApi3HA€ 30JI0TI MOHETH, BOHA MOKa3ye
a0COITIOTHY HE €(EKTHBHICTH /IS Oy/Ib-SKUX 1HIIMX METaJiB, 4epe3 Te, 0 BOHU MAlOTh CXHJIBHICTh
JI0 OKHCY. 3ajada TOPIBHAHHS KOJIBOPIB 1 BIZCOPTYBaHHS 30JIOTUX MOHET BiJl HE 30JO0THX
BUPIMITYETHCS 32 JOIIOMOTOIO 3BUYafHOTO aliITOPUTMY, TOMY 1/1ei BUKOPHCTOBYBATH MOJIEIb JIJISl TPHOX
KaHaJIiB OyJIH BiIKUHYTI.
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Tabnuus 1. Ctpykrypa Moaeni

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 149, 149, 32) 160
max_pooling2d (MaxPooling2D) (None, 74, 74, 32) 0
dropout (Dropout) (None, 74, 74, 32) 0
conv2d 1 (Conv2D) (None, 73, 73, 64) 8256
max_pooling2d 1 (MaxPooling2D) (None, 36, 36, 64) 0
dropout 1 (Dropout) (None, 36, 36, 64) 0
conv2d 2 (Conv2D) (None, 35, 35, 128) 32896
max_pooling2d 2 (MaxPooling2D) (None, 17, 17, 128) 0
conv2d 3 (Conv2D) (None, 16, 16, 256) 131328
max_pooling2d 3 (MaxPooling2D) (None, 8, 8, 256) 0
flatten (Flatten) (None, 16384) 0

dense (Dense) (None, 128) 2097280
dense 1 (Dense) (None, 2) 258

J11s1 HaBYaHHS MOJieJield BUKOPHUCTOBYBAIKCS CTBOPEHI BIACHOPYY aBTOpaMU BUOIPKH TaHUX,
SKi CKIIQIAIOThCs 3 HAOOPiB KOJHLOPOBUX 300pakeHb MOHET (po3aiurbHOIO 3matHicTiO 200 Ha 200)
JNEKITPKOX THIIB Ta 300pakK€Hb MOHET, fKi BIJIrpalOTh POJb YCIX IHIIMX MOHET 1 TMOBHHHI
kinacuikyBaTucsl K HE HAJEXKHI J0 33aJaHOro Kiacy. Yci ¢ororpadii MOHET B3sITI aBTOpaMu 3
BIIKpUTHUX 1HTepHeT-KaramnoriB https://bosporan-kingdom.com/ ta https://tauriscoins.ru/, sik Habopu
JTaHUX BUKOPUCTOBYBAJINCS aBEpCHU Ta peBepcu (0KpemMo) HacTynHux MoHeT: 109-2075 (78 mit.), 783-
7831 (21 mt.), 111-3002 (100 wrT., o6panux ¢ 6inbiie Hix 1000 MOHET Karajory, iHII B3ATI BCI).
Bubipka iHmmx MOHeT ckiananach 3 ~170 3HIMKIB (aBepcH Ta peBEPCH pa3oMm).

Hna moner 109-2075, 111-3002 Ta aBepcy 783-7831 Bmamocs AOCATTH TOYHOCTI JUIs
Bamiganiitanoi Bubipku y 100%. HaBuut Monens aist peBepciB 783-7831 He BHanocs 4epe3 BEIHKY
BapiaTUBHICTh uekaHku (puc. 2). Ckuian Bamifaniinoi BuOipku npudauzno 10% 11t BCiX BUTIAAKIB.
Hapuanns BinOyBanocs npotsrom 20 enox. /leranpHiiie quBiThCs Ha rpadiky puc 4.

Byno Takoxx BHUSIBIIEHO 3aJI€KHICTH MIX BITHOIIEHHSM MOHET KJIacy N0 1HIIUX MoOHeT. Jlns
BuOipku aBepc 783-7831 tounicte 100% 3a mecsTh €mox BAAJIOCS JOCSATTH KOJH BiJHOIIEHHS MIX
Bubipkamu Oyno 1:1, mpu BigHomenHi 1:4 Ta 1:7 nna nocsraeHHs tounocti 100% 3nHamobunocs
HaB4yaHHs mpoTsiroM 30 enox. JlokmanHimie Ha rpadiky puc 5.
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Pucynok 4 — [loxazHuku HaBdaHHs 11 aBepcy 109-2075
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Pucynok 5 — [lokaznuku HaBuanHs 1uig aBepcy 783-7831 (30 emnox)

BUCHOBKHA
[TpoBeneHi 1oCiiHKEHHS TIOKa3aliy, 110 3aCTOCYBaHHS HEWPOHHUX MEPEXK VI aBTOMATH3aIlii
Kiacudikaiii MOHET I[IJIKOM MOXJIMBE Ta IMOTPeOy€ MOAANBIINX JOCTKEeHb. ByJo 3amponoHoBaHo
apXxIiTEeKTypy YHIBepCalbHOI CUCTEMH Kiacudikallii MOHET Ta apXiTeKTypy HEHpOHHOI Mepexi sika
JIOCHUTB TOOPE CIIPaBISEThCS 3 KIACH(IKaII€I0 MOHET 3a IPUHAJICKHICTIO YU HE TIPUHAICKHICTIO JI0
NIEBHOI Kateropii. byio mpoBeneHHsS TecTyBaHHs 3alpoOIOHOBAHOI Mojeil Ha 6 BHOiIpKax, Ha 5-X
mopensix mokasana 100% pe3ynbraty, Uit 0MHOTO HA0Opy HAaBYUTH MOJEIH HE BAAJIOCH.
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YJK: 637.5.02
Mysuka M.B. (Hayionanvnuii ynisepcumem «JIvgiscoka nonimexwixay, m. JIvsie, Ykpaina)

AHAJII3 CTAHY AKOCTI IOBITPS TA BUBHAYEHHA YUHHMUKIB, IO HA HBOI'O
BIIVIMBAIOTH

Anomauin: B Oaniti pobomi Oyno niowamo npobaemy AKOCMIi CHMAHY NOGIMpA, AKA € 00CUMb GeIUKON 8
cyyacnomy ceimi. J{ns il 0ocniodcenHs 6yn0 32eHeposano Habip OAHUX 3a OONOMOSOI DI3HUX BIOKPUMUX Odcepei.
OcHosHy ysazy Oy10 36epHYMO HA NPOMUCIO8L 06'ckmu, siKi moznu 6 3a6pyoHoeamu nosimps. s yvoeo 3 pecypcy
Google Maps 6yno 3i6paro yci Modxciugi npomuciogi 06’ ekmu Ha mepumopii Ykpainu 3a Kiovosumu cio6amu, nicis
Y020 bynu epyuHy 6i0iopani HeobXioHi Ham munu 06 ’exmis. Ha ocnosi cmeopenozo Habopy oanux, 6y10 noby0osano
HeUpPOHHY Mmepedicy, 2inepnapamempu sikoi Oyau nidiopani memoodom nepebopy. 3a donomozow nioxody Permutation
Importance Oyn0 3anponoHOBAHO aNCOPUMM 3MEHUIEHHS POMIPHOCMI OAHUX 3 RIOGUWEHHAM sikocmi mooeni. B
pesyabmami, edanocsi 0ocsiemu noxkasnuka RMSE ons nawoi mooeni ~0.0022. Iobyodosana modens HetpoHHOL Mepedici,
003801UNa OYIHUMU 6NAUE Pi3HUX YuHHUKI¢ Ha noxkasznux Air Quality Index z3a donomozoro suwe sxazanoeo anzopummy
Permutation Importance. Pe3ynomamu 00CniodcenHs 8UAGUNU, WO HAUOLTbUUMU 3AOPYOHUKAMU € 00'€KMU eeKMPUYHUX
niocmanyitl, XiMIYHUX 3080018 MA COHAYHUX YOMOEEKMPUUHUX eNeKMPOCMAHYI.

Abstract: In this work, the problem of air quality, which is quite large in the modern world, was raised. For this
research, a dataset was generated using various open sources. The main attention was paid to industrial facilities that
could pollute the air. For this purpose, all possible industrial objects in the territory of Ukraine were collected from the
Google Maps resource by keywords, after this the types of objects we needed were manually selected. For example, such
objects as "Tzegelny Zavod Bus Stop" were rejected. Next, on the basis of the created data set, a neural network was
built, the hyperparameters of which were selected by the selection method. Next, using the Permutation Importance
algorithm, an algorithm to reduce the dimensionality of the data and improve the quality of the model was proposed. As
a result, it was possible to achieve an RMSE of ~0.0022 for our model. After the neural network model has been built, we
can evaluate the influence of various factors on the AQI indicator using the same Permutation Importance algorithm. As
a result, the objects of electrical substations, chemical plants and solar photovoltaic power plants turned out to be the
biggest polluters.

Beryn

[IpoGnema SKOCTI MOBITPS, AKUM MU JUXAEMO ICHYBaJla 3aBKJIH, TUM OUIbIIE Y Cy4acCHOMY
CBITI, 1, 3a ctatuctukoo 2020 poky, B Ykpaini Ha 1000 oci6 mpuxomutbcst 245 aBTOMOO1IB.
[TpoBiBIIK HecKJIaJHI 00paXyHKH, € MOKIIMBICTD JI3HATUCS MPUOJIN3HY KUIBKICTH aBTOMOOLIIB, 1110
nopiBHIoe 61bIe 10 MiTH ouHUI. Tak, iCHY€e eBHA TEHIEHIS IEPEeX0ay Ha elIeKTpoMOoOii, mpoTe
crtanoMm Ha 1 motoro 2023 poky, B Ykpaini Oyio 3apeecTpoBaHo 48 THC €JIEKTPOABTOMOOLIIB, IO
ckiagace auiie 0.48% Bix 3araipHOI KIIBKOCTI aBTOMOOIIIB.

[le ogna npuyrHa 3a0pyIHEHHS MOBITPS — 11€ 3aBOJIH, SIK1 € Maii’ke y KO)KHOMY pallOHHOMY
HEeHTp1 YKpaiHH, Ta KUIbKICTh SKUX 3pocTae. 3a nepion 3 2015 nmo 2019 poku 6yio nodynosano 207
HOBHX 3aBO/IIB.

VY uiit poboTi MM cripoOy€eEMO JOCTIUTH 11€ NMUTaHHS, MOPIBHABIIM BIUIMB PI3HUX THIIIB
npomuciioBux 00’ektiB Ha okazHuk AQI (Air Quality Index).

L{s poGoTa He cnpsMoBaHa Ha Oe3rocepe/iHe BUPIMIEHHS Ii€l mpobiaeMu, apke iX moTpioHo
BUPINTYBAaTH SIBHO HE METOIaMHU MAITUHHOTO HaBUaHHs. AJie, TPOBEICHE JOCIiKEHHS 1aCTh 3MOTY
BUSBIISATH 00’ €KTH, IO € HAWOLMBIIMMH 3a0pyJHUKAMU MOBITPS, THM CAaMUM JaTH TOIITOBX JJIS
MOJANTBIIIOTO 3aIYCKy TMPOIECIB, M0 CIPUYMHATH IMOCHIEHY yBary Ha BHpIIIEHHS MPOOIeMHU
3a0pyAHEHHS HABKOJIMIITHHOT'O CEPEIOBUILA.

Kputuunuii anaJji3 JgitepaTypHux Juxepedt

B cydacHomy cBiTi JaHa mpobiema € Haa3BUYaitHO aKTyalbHOIO, TOMY HaJl ii JOCIIKEHHIM
MPAIIOBAJIO JOCUTH 0arato HayKoBINB. Takoxk 0arato Takux CTaTei CIPSIMOBAHI i Ha TOCIIIKEHHS
BIUIMBY Pi3HUX OYEBHJHHUX Ta JAPYTOPsIIHUX 3a0pyHIOBAuiB MOBITPs. Po3risiHeMO AeKiIbKa TaKUX
poOiT.

V [1] 6inb1e cipsiMyBaHHs Ha onuc cucteMu MoreAir (cucteMa MOHITOPUHTY 3a0pyAHEHHS
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MOBITPS B MiCTax). Y CTAaTTi OMMCAHO METOJOJIOTIS MPH Po3po0Ili i€l cucteMu. Takoxk, MPOBEICHO
JOCIIJKEHHSI Ha OCHOBI MapoKKo, SIKe IMOKa3aio, M0 B ACIKHX MICUAX BUXJIOMU TPAHCIOPTY — II€
JAJIeKO HE HANOUIbIINI 3a0py IHIOBAY.

VY [2] Oyno 3aBmaHHS CTBOPUTH TMOTOJUHHHUI TPOTHO3 KoHIeHTpalii PM2s B moBiTpi. 3a
OCHOBY OYyJ10 B3sTO 2 BenKux MicTa B [liBnenniit Kopei. 3a OCHOBHHMIA aITOPUTM BUKOPHUCTOBYBABCS
LSTM Ta nopiBHIOBaBCA 3 IHIIMMHU BIIOMUMH aITOPUTMaMHU, JI€ IOKa3aB ce0e HaAWKpaIuM YHHOM.

Jlocutb mikaBa ctatTs [3], y sSKil JOCTiIKEHNI BIUIMB CTPAMKIB Ha IKICTh IOBITPsI. 3/1aBaiocs
0, 110 11e 20COIFOTHO HE OUEBUIHUI 3a0pyIHIOBAY, aJie BiH €, 1 TOCUTHh HEMaJIHA. 3BHYaitHO, CTpaliku
OyBarOTh pi3Hi, TOMY, TaK, II¢ MOK€ MAaTH 3HAYHUH BIUIMB HA SKICTh MOBITPpsA. [ 11bOTO aHamizy
BUKOPUCTAaHHI Pi3HI aJITOPUTMU MAIIMHHOTO HaBUYaHHs, MPOTEe Haiikpame cebe mokazas GBM
(gradient boosting machine).

VY [4] nocnimKkyeTbest 3aIeKHICTh MK cTaHOM TOBiTps Ta manaemiero COVID-19. To6To,
MaHIeMisl 3HU3MIIa AKTUBHICTh Ha BYJIMIISIX, MEHIIIE TPAHCIIOPTY i3/1MJI0, BIAMOBIIHO — I1€ OJTHO3HAYHO
MaJIo CBIiH BIUIHB.

Ha ouinky BmimuBy COVID-19 Gyna copsimoBana i po6ota [5]. 3a3HauaeTbces, 10 MiJ 4ac
naHeMil CrocTepiranocs IBHE 3HKEHHS BMICTY HIKITTUBUX PEYOBUH y TIOBITPI, 1110 MOSICHIOBATIOCS
3HAYHUM 3HW)KCHHSIM MOOUTBHOCTI Jitozieid. [IpoTe aBTOp CTATTI 3aneBHSIE, 1110 HEMAJIMH BIUIMB Ha 1€
MaJIi i METEPOJIOT1UHI 3MiHH. 32 OCHOBY JOCIIKEHHS OyIo B3sito CiHramyp.

Y poboti [6], Ha OCHOBI pi3HUX 3a0pyJIHIOBAauYiB MOBITPSA, TAKUX SK HASBHICTH BEJIHUKOL
KUJTBKOCTI aBTOMOOUTIB, BUKHIIB 3 MPOMHCIOBUX BHUPOOHMIITB, CIATIOBAHHA HA(PTONPOAYKTIB 1
BUPOOHHUIITBO  €JICTPOCHEPTii, CKIAJAa€ThCsl TPOTHO3 3a0pyaHeHHs moBiTps. [  1poro
BUKOPUCTOBYIOTHCS METOAHM MAIlIMHHOTO HaB4aHH:, Taki sk LSTM, CNN roo.

I'enepaniss HaGopy naHMX

Criouatky OyJio 310paHO HEOOXiaHI AaHi IS MOAABIIOTO TOCIiHKeHH. 3 pecypey [10] 6ymno
B34TO MicTa /i sskux OyB goctynuuii mokasuuk AQI (Air Quality Index). B tabaumi 1 HaBemeHo
3BiKH OYJI0 B3SITO OTPIOHI JaHHI 171 TIPOBEACHHS JTOCIiIKSHHSI.

Tabmuis 1. Pecypcu, Ha OCHOBI JJaHUX 3 IKUX OYyB 3reHepoBaHUi Hallp TaHUX

Pecypc 3i0pani maHi [MosicHeHHS
www.coordinates_converter.com | Koopaunatu mict
[11]
Bikinenis [Tnoma, HACEJICHHS Ta | €IMHUN pecypc, SKUH MOXKe
TyCTOTa HACEJIECHHS MICT HaJaTU HaM 110 1H(opMaIiio
Ipo BCi MOTPiOHI HAM MicTa
Google Maps Bci BupoOHunTBa-norenmiiyi | [lomyk  3a  KIIOYOBUMH
3a0py/HIOBaYl Ha TEPUTOPIi | cIOBaMHU (BUpOOHUITBO,
Ykpainu ¢abpuka, AEC, TEC, T'EC,
AEC). Ilicngs yoro Bpy4HY
Oyno BigiObpaHo 26 TUIIB, 110
MOXYTb 3a0pyIHIOBaTH
MOBITPSL.
www.meteopost.com [8] IToroaHi MOKa3sHUKU HASIBHUX
Ha pecypcl MICT 3 THTEPBAIOM
30 xB
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www.sinoptik.ua [9] [TorogHi MOKa3HHKH  YCiX
IHIIMX MICT 3 IHTEpBaJOM 3

FOJINHU

B pesynbrari oTpuMaHo HacTynmHU HaOip maHux (puc. 1):

merged_data

area rea
state text
population rea
date datetime
temperature integer
wind_speed rea
wind_dir integer
pressure integer
humidity integer
density rea

Puc. 1. O6’eonani oani 6e3 oanux 3 Google Maps

Takosx 10 nux JaHuX OyJ10 T0aHO KibKicTh 00’ €KTiB 3HalineHux Ha Google Maps 3 pizaumu
pamiycamu no wict. Ilix pagiycoM MaeThCcs Ha yBa3i PI3HMIS TUIONI OLTBIIOrO Ta MEHIIOTO Kil 3

IIEHTPOM B OJIHIH TouIi (puc. 2).

Briukhovych

RN anaie] ONOHKa

Puc. 2. Bizyanizayis nouyxy oo ‘exmie YV 4acmuni Koad pd@iycozw mione 9 km i 10 km

Ak BkazaHo B Tabnuii 1, 6yso BuaiIeHo 26 TUMiB, Mo 20 KOXKHOTO, TaK SIK JJI KOXKHOTO THITY
mu Opamu 20 paxiyciB (Big 1 mo 20). Orxe oTpumaemo 26*20=520 xomnoHok. [l kpamioro
BU3HAYCHHS OKPEMOTO BIUIMBY KOKHOTO TapameTrpa Ha 3a0pyJHEHHS TIOBITPS, 3MEHIITYBAaHHS
PO3MIpY BXIJHUX JAaHUX IMPOBOAUTHCH He OyJe. Takoxx nmepeTBopuMo KOJOHKY State 3a r1omomororo
One-Hot encoding, Tak sik B HamoMy Ha0Opi ISl KOJIOHKA y TEKCTOBOMY (hopmari, a HaM MOTpiOHO
MIEPETBOPUTH 11 B UUCIIOBUM.

Ilin0ip mapameTpiB HelipoHHOI Mepeki

[TinOip rimepnapameTrpiB HeWpoOHHOI Mepexi Oyae 3AIHCHEHO METoIOM mepedopy.
[TinbuparoTbcs HACTyIHI MapameTpu: (QYHKIIS aKTHBAIlll, ONTUMI3aTOp, KUIBKICTh HIapiB, pO3MIp
BUXO/Y B IEPILIOMY IIapi, a BUX1J KO)KHOTO HACTYITHOTO I1apy Oy1e BABIUI MEHIIHUH.

Haiixpame cebe mokazaB HaCTYIMHHUA HaOip TapaMeTpiB:

- ¢yHkiis aktusariii — AdaMax;

- ontumizatop — ReLU;

- KUTBKICTh IIApiB — 5;
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- po3Mip Buxoay B nepioMy mapi — 600.
Ha puc. 3. HaBeneHo rpadik nopiBHAHHS 1aHOTO HAOOPy MapaMeTpiB 3 IHIIMMHU Ha MPUKIAT]
meTpuku RMSE.

0.0910

0.0905

0.0900

RMSE

0.0895

0.0890

0.0885

adamax adamax adamax adamax msprop adamax adamax msprop adamax adam
el
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relu leaky_relu relu relu u relu leaky_relu relu relu relu
7 4

5 8 7 3 El 3 8 q
600 700 400 500 300 800 800 700 600 400

Puc. 3. Cmoenuukosa diacpama nokasnuxa RMSE ons 10 navikpawux docnioie

3MeHIIeHHS PO3MIPHOCTI HA00PY JaHUX

JJis 3MeHIIIeHHsT pO3MIpHOCTI HabOpy AaHUX HEAOIUTbHO 3acTocyBatu PCA, ajpke B TakoMy
BUNA/IKY OyJie HEMOXJINBO JOCIIIUTH BIUIMB OKpeMux o3Hak Ha AQI. ToMy 1 11bOro BUKOPHCTAHO
anroput™ Permutation Importance. Cyts po06OTH anropuTMy MOJISTa€ B HACTYIHUX JisIX: OepeThest
HaTpEHOBaHa MOJIeNb Ta Hallp JaHUX, KOKHA KOJIOHKA IEepeMIlllyeThCsl NEBHY KUIBKICTh pa3iB Ta
QITOPUTM TUBUTHCA HA T€, HACKUIBKU 3MIHMJIACA MMOXUOKa anroputmy. Pe3ynbraTt — 11e koedimi€eHT,
SKMI O3HAaYa€ BIUIMB KOXKHOI KOJIOHKU HA PE3yJIbTyI0Uy 3MIiHHY.

3MeHIIyBaHH PO3MIPHOCTI 32 JIOTIOMOTOIO BHIIE BKa3aHOTO AITOPUTMY Oyze TPOBOIAMTHCH
HACTYITHUM YHHOM:

1) O0epeMo HaTPEeHOBaHY MO/ICITb,

2) 3amyckaemo poboty anroputmy Permutation Importance;

3) BUIAJISIEMO KOJIOHKH, SIKI OTPUMaH KOeilieHT MEHIIe ab0 TOPiBHIOE HYJIS,

4) TPEHyeEMO MOJEIb Ha HOBOMY Ha0Opl JaHUX Ta TMOPIBHIOEMO I MOXHOKY 3
HOMEPETHBOIO;

5) HOBTOPIOEMO KpOKH 1-4 1okM nmoxubOka OyJie 3MEHIITyBaTHUCS.

Ha nanomy erami po3mipHicTh Habopy nanmx ckianae 331042 x 444. Ha puc. 4 Ta 5
300pakeHo rpagikyu 3MEHIIEHHS pO3MiIpHOCTI HA0OPY JaHUX Ta 3MiHHM MOXUOKH.

450

w
o
=]

Columns Count
w
S
3

2501

200+

T T T T T T
1 2 3 4 5 6
Step

Puc. 4. Kinbkicmb KOJIOHOK NPU NOCMYNOBOMY 3MEHUEHHT POIMIDHOCIIT OAHUX
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0.0025 4

0.0024

W 0.0023 4

0.0022
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Step

Puc. 5. Ilokasnux RMSE npu nocmynogomy 3menuwienui posmipnocmi 0anux

Buxonsuun 3 rpadiky Ha puc. 5, HAHKpamoro pe3yybTaTy MOXUOKH OyJo AOCATHYTO Ha 5
kpoui. Ha 6 xpoui moxubka crana pi3ko 30u1bl1yBaTuch. [Ipu 1ipomy, Ha 5 KpoIli KUIBKICTh O3HAK
oOpanoro Habopy nanux aopisaroe 210. OTxe, Tenep po3MipHICTh JaHOTO HAOOPY MAaHHUX JOPIBHIOE
331042 x 210.

Leit anroputm kpammii 3a PCA B TOMy IUIaHi, IO TpH 3MEHIICHHI PO3MIpHOCTI
MOKpAIIy€EThCsl cama MoJienb. [IpoTe 3a MM METO0M HE BHIAJIC BAKOHATH 3MEHIIICHHS PO3MIiPHOCTI
macmtaby PCA, ajpke Permutation Importance — 1ie aaropuT, KA IPaIoe J0CUTh TOBTO.

Ouinka MojeJti HelipOHHOI Mepexi

Jist IOJanbIIoro TOCiKeHHs OyZe BUKOPHUCTaHO Halip JaHMX, mi0 OyJo OTpUMaHo Ha 5
KpOILli aJIrOPUTMY 3MEHIICHHS pO3MipHOCTI AaHuX. Hwkue HaBenemo rpadik TpeHyBaHHS JTaHOI
Moedi (puc. 6).

model loss

0.0065 - = frain
test
0.0060
0.0055
ﬁ 0.0050

0.0045 +

0.0040 -

0.0035 4

T T T T T
0 10 20 30 40
epoch

Puc. 6. I'paghix empam netiponHoi mepexci

[Toxazunk RMSE otpumanoi moaeni Buiinios 0.0022528581129933702.

AHaJIi3 BIVIMBY PI3HUX THIIB MPOMHCJI0BHX 00’€KTIB HA CTAH AKOCTI NOBITPA

Busenemo 5 HailOupIIMX 3a0pyAHIOBAaYiB MOBITPS 3riAHO 3 Hamow Moxaeuto. Koedimient
BIUTMBOBOCTI PAaXyeThCs K CEPEIHIN /Ui yCiX pajilyCciB OAHOTO TUIY 00’ €KTIB.

Tabauus 2. 5 HallOUIBII BIULIMBOBUX IPOMUCIOBUX 00’ €KTIB
p

IToka3Huk KoedimienT BiImBoBOCTI
Enextpuyna miacTaHirist 0.00013180925648873578
XiMIgHUH 3aBOJ 0.00013038753893535756
[Toka3HHK KoedillieHT BILIMBOBOCTI
ComnsiuHa QOTOCTEKTPHUYHA EICKTPOCTAHILIS 8.770038767039458e-05
KocmernuHa inaycrpis 8.650569002812188e-05
Bupobuuirso 8.011425893648674e-05
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Ax Gaunmo, HaWOILIBIIMMU 3a0pyIHIOBAYaMH € €JISKTPUYHI MIiACTaHIli, SKI Haidacrime
OynyeTbcs OUTS TEIUIOBUX eNeKTpocTaHlii. Skmo Bipute BumanHto DW Tta ixHiil crartTi Big 25
tpaBHsa 2021 poky [7], TO TETUIOB1 €JIEKTPOCTAHIIIT AIHCHO € HAWOLIBIITMMU 3a0pyAHIOBAYaMHU TIOBITPS
B YKpaiHi, III0 MOK€ BKa3yBaTH Ha JIOCTOBIPHICTh HAIIOTO JOCHIMKEHHS. TakoX MOSICHUTH TE, 10
cami eJIeKTPOCTaHIIT MEHIIIEC BIUTMBAIOTh HA CTAH SIKOCTI TIOBITPSI, MOYKHA THUM, IO iX 3HAYHO MEHIIIE
Ha TepuTopii YKpainu, HOX mifgctanniil. OTxe, micis TPOBEACHOTO IOCTIKEHHs, OYJI0 CKIaIeHO
MepeNiKk TUIB 00’€KTIB, IO HaM JOCTYmHI 3 6 mo 15 wicis, sKi HaWOLIbIIe BIUIMBAIOTH Ha
3a0pyAHEHHS TTOBITPA:

6) dapmaneruuna kommanis (7.330393704337653e-05);

7) Macnopo6usi (7.168745519625006¢-05);

8) Cinschkorocmoaapeskuii koonepatus (5.9996562520565663e-05);

9) Kap’ep (5.951612837496133¢-05) ;

10)  Enexrpocraniiis (5.8587293709198875¢e-05);

11)  IIuBoBaphs (5.436671631549445¢-0);

12)  Bomo-komyHanbHa KoMmaHis (2.7024660464011773e-05);

13)  Tigpoenektpoctaniis (2.135397761805352¢-05);

14)  Bupobuuk kocmetrnunoi npoaykiii (1.6045247643868207e-05);

15)  3ampaska (8.229845310878288¢-06)

3 OTPUMAHMX JIAaHWX BUXOJUTH, IO HAHOIIBIIUME 3a0pYyJHIOBAYAMH IICIS CICKTPUIHUX
MiJICTaHIA € XIMIYHI 3aBOJM, IO IJIKOM OYIKyBaHWUW pe3ynbTar. BUKIMKae 3auBYyBaHHS
KOCMETHYHA 1HIYCTpis HAa YETBEPTOMY MiCIli, aJKe 1€ aOCOTIOTHO HE OYEBHUIHUUN TIOOATBLHUN
3a0pyaHIOBaY TMOBITpPsI, ajie MOTPIOHO Opatw 0 yBard, IO BUPOOHWIITBA — II€ IOTCHINIIHI
3a0pyaHtoBayi noBiTps. ToMy Ha 5 Miciii 00’ €KT 3 JOCUTH 3arajbHOI0 HA3BOIO, IPOCTO BUPOOHUIITBA,
BOHM MOXYTh BUPOOJIATH Pi3HI TOBAapHW, MPOTE B 3arajbHOMY BCI BOHHM € IIKIJTUBUMH JIJIS
atMocdepu. Takox Ha 6 Ta 7 MicIsxX apMarieBTHYHA KOMITaHisl Ta MacJIOPOOHs BiAMOBiAHO. Yci i
00’€KTH MOXKYTh BUKUAATH B aTMOC(epy IMIKiAIMBI BIIXOAH Ta IMapH.

BUCHOBKHA

Opniero 3 HAaUOUTBIIUX TTPOOJIEM CYYaCHOCTI € CTaH SKOCTI MOBITPs. Y 111l poOOTi BoHa Oyia
nocmimkena. [l poro OyB 3reHepoBaHuil Habip JaHUX HA OCHOBI PI3HUX BIAKPUTHUX JKEPEIl, TAKHX
sk saveecobot, sinoptik, Google Maps, i HaBiTh Bikimemis. [Ins ocTaHHBOTO pecypey Oyiio
apryMEeHTOBAHO JIOLIBHICTh BAKOPUCTAHHS caMe IIbOro pecypci B AaHii cuTyanii. Ha ocHoBi moneni
HEHpPOHHOI Mepexi, rinepnapameTpu it sikoi Oynu minidpaHi METOOM Iepedopy, Ta aJropuTMy
Permutation Importance Oyso cro4yaTtky 3MEHIIEHO PO3MIpHICTh HA0Opy JaHUX 3 MOKPAILICHHIM
SAKOCTI caMoOi MOeNi, a TICIAS 4YOoro W BHU3HAYEHO HAWOUIBIN 3a0pyaHIOBAYl TOBITPS cepen
IPOMHCIIOBUX O0’€KTIB (€MeKTpUYHA MiJCTAaHLIsA, XIMIYHMHA 3aBOJA, COHAYHA (POTOENEKTPUYHA
€JICKTPOCTAHIIISN ).
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YJIK 004.93
Hernasko C.A. (Hayionanvruti ynisepcumem «JIvgiecoka nonimexuixay, Ykpaina)

3ACTOCYBAHHSI METO/IB MAILIMHHOI'O HABYAHHS JJISIIIATHOCTUKHA
IMHEBMOHII

Anomayin: B pobomi posensidaemvcsi MOJICIUBULL CNOCIO GUSGLEHHS O3HAK 3AX60PIOGAHHS NHEGMOHII Ha
PEHM2EHON02IUHUX 300PANCEHHSAX 30 DONOMO20I0 MEMOOI8 MAUUHHO20 HagyanHsl. OKpIM 6USAGNEHHSL O3HAK 3AXE0PI0OGAHHS
MAKOdiC 8PAX0BYEMBCS IX KAacUpixayis 6i0nogiono 0o 3-pbox sudie nHesMonii (ipycua, baxmepianona, covid-19). s
PO3NIZHABAHHS O3HAK HA 300PAICEHHSAX OYIL0 BUKOPUCMAHO 320PMKO8Y Hellponny mepexcy. [Ipoananizosano pezyrvmamu
Kracu@ixayii ma wisixu ni08UUeHHs MOYHOCME CUCMEMU.

Abstract: The paper considers a possible way to detect signs of pneumonia in X-ray images using machine
learning methods. In addition to detecting the signs of the disease, their classification according to 3 types ofpneumonia
(viral, bacterial, covid-19) is also taken into account. A convolutional neural networks was used to recognize the features
in the images. The results of classification and ways to improve the accuracy of the system are analyzed.

1. Beryn
AKTyaJIbHiCTh PO0OTH. 3 PO3BUTKOM TEXHOJIOTIH, 30KpeMa 3 MOSBOIO METOAIBMAITUHHOTO

HaBYaHHS Ta iX BIOCKOHAJICHHSIM CTaJ0 MOXKJIMBUM MOKPAIIyBaTH MPOTYyKTHBHICTH 0aratbox cdep
cydacHoro xwutTs. Cepen HaWOUIBII aKTyalbHHX NUISXIB 3aCTOCYBaHHS METOJIB TIMOOKOTO
HAaBYAHHS Ha CHOTOJHINIHIN JI€Hb 3AJIMINAETHCS BIPOBAKCHHS PIMICHHP B MEAMYHINA cdepi.
HIBUAKICT, TOYHICTH Ta SAKICTh € KPUTHYHHUMH MapaMeTpaMH, SKi BPaxOBYIOTHCS TPU po3pooOii
pilIeHHsT 3aBJaHb IOB’SI3aHUX 3 JIarHOCTUKOIO Ta JIKYyBaHHAM. 3 MOsiBOIO maHzaemii covid-19
JIFO/ICTBO 3iIITOBXHYJIOCH 3 TAKUMH IPOOJIEMaMH SIK BEIMKHAN MOTIM XBOPHX Ta HECTAYaHEOOX1THUX
pecypciB, 10 B CBOIO YEPry CIIPOBOKYBAJIO BUCOKY CMEPTHICTh JaHOTO 3axXxBOpIOBaHHS. JIt0IChKUI
(dakTop TaKOXX HE MOXXHA BUKJIIOYUTH, TPAIUIAIOTHCS BUIIAJKK HEMPaBWIBHO BCTAHOBJIEHOTO
JlarHo3y, 110 3HAYHO IOJAOBXY€E MpPOLEC JIIKYBaHHA a00 K HaBIThb MOXE 3aIIKOJIUTH 370POB’IO
JIOMHY. 3aCTOCYBAaHHS METOJIBMAlIMHHOI'O HABYAHHS JUIsl PO3IMi3HaBaHHS O3HAK IHEBMOHII Ha
PEHTTE€HOJIOTTUHUX 300paKEHHAX MOKE 3HAYHO MPUIIBUIIINTY MPOLIEC BCTAHOBIIEHHS IPABUIILHOTO
niarHo3y. OKpiM TOTO TaKUH IHCTPYMEHT MO>KHA BUKOPUCTOBYBATHUCH SIK J10/IaTKOBE JKEPEIIO 3HAHb,
OCKUIbKM TpPAIUISAIOTHCA BHUMAAKH KOJIM CKJIAJHO TOYHO BHU3HAUUTH BH[ 3aXBOPIOBAHHS IPOCTO
MOJIMBUBILUCH HA PEHTTEH 3HIMOK.

Mera ii 3aBgaHHs po6oTH. MeToro poboTH € po3podKa METOy JIarHOCTHKHU PI3HUX BHIIB
ITHEBMOHII 3@ pEHTI'€HOJIOTTUHUMU 300paKEHHIMH.

2. AHaxi3 icHylounx miaxoais

Ha cborogHimHiil 1eHb iICHYIOTH AESIKI JOCHIKEHHS, OB s3aHl 3 PO3Mi3HABaHHSAM O3HAK
3aXBOPIOBAHHS JIETEHb HA PEHTICHOJOTIYHUX 300paKeHHIX. 30KpeMa y mociimkeHHi [1] omucano
MeTo/ BusBICHHS covid-19 3a momomororo HeiiponHoi Mepeski koHTekcTHOI arperarii (CANN), ska
CKJIaIaeThes 3 Tphox MopaytiB:context fuse model (CFM), attention mix module (AMM), residual
convolutional module (RCM). CyTp MeTOMy AAHOTO MOCHTI/DKEHHSI TOJSATAE y BHUSBIECHHI JIBOX
OCHOBHHUX oOusactell, moB’s;3aHux 3 covid-19: cuMOnTOM «MaTtoBOro ckia» (TyMaHHE 3HM)KEHHS
IIPO30POCTI JIETEHEBOI TKAHWHHU) Ta 30HY YUIUIbHEHHS JIET€HEeBO1 TKaHWUHM, BHACIIIOK 3allOBHEHHS
NOBITPSIHUX albBeosd. B naHoMy BHUMaIKy BHU3HAYAETHCS OJHE 3aXBOPIOBAHHS, MPOTE TAKOXK €
JOCTIPKEHHS 3 BU3HAYEHHsI PI3HUX 3aXBOPIOBaHb JIET€Hb, SIK y JOCIIKEHH1 [2], Hampukian,

kjacudikaiisi JABOX CXOXHX 3a O3HaKaMH Ha PEHTTeH-3HIMKAaX 3aXBOPIOBaHb: ITHEBMOHII Ta
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TyOepKyJb03y. 3amponoHOBaHAa B JAHOMY JOCIIDKEHHI CHCTEMa IpAIfo€ Ha OCHOBI 3TOPTKOBUX
HEHPOHHUX MEPEX B MOETHAHHI 3 TAKUMH METOIaMH MalmMHHOTO HaB4aHHS 5k SVM ta PCA.

Hocmimxenns [3] mpucBsueHo kiaacudikaiii OuTbIe HiXK TBOX 3aXBOPIOBAaHb JIETEHb, a CaMe:
ITHEBMOHIi, paKy JiereHb, TYOepKYJIb03y, HEMPO30pOCTi JiereHb Ta COVid-19. Meromosoris 1aHOTO
nociipkeHHs nonsrae 'y noegHanHi VGG19 ta CNN. Takox, kimacudikaiiis OibIe HDK JBOX
3aXBOPIOBaHb MpEACTaBiIeHa y nociimkenHi [4]. CTBopeHa cucTeMa y BUTIISII TOETHAHHS MOICIICH
EfficientNetBO, EfficientNetB1, EfficientNetB2 mis BumoOyBaHHs O3HaK Ta Kiacudikaropa y
Burisai Random Forest + SVM + jorictudHa perpecis 31aTHa po3Mi3HaBAaTH ITHEBMOHIIO,
TyOepKyb03 Ta covid-19.

VY nmocnimkeHHi [5] Ha OCHOBI 3TOPTKOBOI HEHPOHOI Mepexki Oys0 MmoOyJIOBaHO CHCTEMY,
3laTHY PpO3Ii3HABaTH IMHEBMOHIIO, covid-19, kapmioMmeranito, MOMYTHIHHS JIET€Hb Ta IJICBPY Ha
U(GPOBUX PEHTIeHIBCHKUX 3HIMKaxX rpyaHoi kmitku. OKpiM TOro,B JaHOMY AOCHTIIKEHHI OyJo
MIPOBEICHO €KCIEPUMEHT 3 MOPIBHSIHHSA OararokjiacoBoiTa OiHapHOI Kiacudikailii 3a JT0IOMOIO0
po3pobrnenoi cuctemu. B pesynbTari OiHapHa kiacu@ikallis Mmokasajga 3HAYHO BHUINI Pe3yJbTaTH
TouHOCTi. Jlnsi mMoOKpalieHHs pe3yibTaTiB kiacugikaiii 3aXBOPIOBaHb 3a PEHTIEHOJOTIYHHUMHU
3HIMKaMH y JOCIiKeHHI [6] OyI10 Tako 3arpornoHOBaHO METO/I IOMIEPETHBOT 00POOKH 300paXKeHbHA
ocHOoBi ¢ineTpa [ayca Ta norapudmiunoro omeparopa. Takuif MeTOJ BHUSBHUBCS EKOHOMIYHO
e(eKTUBHUM Ta IPOCTHUM Y BUKOPUCTAHHI.

Bucoxkoi Tounocri, npubnuzuo 97%, Oyno nocsaruyTo npu kiacugikaiii mHeBMOHii Ta covid-
19 B nocnimkenHi [7]. B ocHOB1 cuctemu, po3po0aeHoi B JaHOMY IOCITIIXKEHH], 3rOPTKOBA HEUPOHHA
mepexka VGG ta monepenHss 06poOka 300pakeHb3a JOMOMOTOK METO/y OOMEXEHOr0 KOHTPACTY
amantuBHOro BupiBHioBaHHs ricrorpamu (CLAHE) B moemnanni 3 ¢iabTpoM romMomMopgHOi
TpaHchopMartii.

B nocnimxenHi [8] 3anpononoBano apxitektypy CNN, sika npaifroe Ha 3MEHIICHIH KiJTbKOCTI
JaHUX, [0 CYTTE€BO MPHUIIBHUIIIYE MIBUAKICTH 1i HaBYaHHS. MeTOIO NAaHOTO AOCITIKEHHS OyIo
JOCATHYTH MAaKCHUMaldbHO MOJIHMBOI TOYHOCTI MPH MaKCHMalbHO MOXJIMBOMY 3MEHIIECHHI
HaByalbHUX JaHuX. IIpu moOymoBi Mozaeni Oyj0 3aCTOCOBAaHO METOAMKY, IO IMITy€ KOTHITHUBHY
yBary. B pe3ynbTari oTpuMaHa cucTeMa BH3HAauyala MHEBMOHIIO 3 TOYHICTIO 95.47%. 3ropTkoBy
HEHpOHHY Mepexy TakoX Oylo BHUKOPUCTaHO Yy JociiypkeHHI [9] g kiacudikamii
PEHTTEHOJIOTIYHUX 300paKeHb Ha JIBA KJIACH: KHOPMa» Ta «ITHEBMOHISN.

IlocTanoBka npo6Jiemu. Ha nanuiit MOMEHT OCHOBHUMHU MpoOIeMaMHy MpY BUPILIEHH] 3a/1a41
pO3Mi3HABaHHS 3aXBOPIOBAHHS 32 PEHTICHOJOTTYHUMHU300paKEHHIMU € MIIBUIICHHS TOYHOCTI Ta
e()eKTUBHOCTI CUCTEMH, a TAKOX HASBHICTh HEOOXIMHMX JaHMX. SIK BIMOMO MEAMYHI JaHi 4acTo €
HEJOCTYIMHUMH a00 1X HEMa€ B IOCTATHIN KIJIBKOCTI, PIIIICHHSM I[bOTO € IITYYHE TOTIOBHEHHS JaTaceTy
3a JIOTIOMOT'OIOMETO/IIB ayrMeHTanii abo *k IMIISIXOM MiJABUIIEHHA e(pEeKTHBHOCTI Kiacu@ikaiiiHoi
MOJIEITI, SIK 3aIPOIIOHOBAHO Y JOCIKEeHHI [8].

3. Omnmc 3anponoHOBAHOI0 METOXY

B nanomy nocinigkeHH1 3alpoOINOHOBAHO BUKOPHUCTAHHS 3rOPTKOBOI HEHPOHHOI Mepexi Jis
KkJacudikaiii peHreHoJOTrYHUX 300pakeHb 3 METOI0 BUSIBICHHA0AKTEpialbHOI THEBMOHI1, BIpyCHOI
MHEBMOHIT Ta cnpuyuHeHoi covid-19. Pi3Hi BuAM NHEBMOHII MarOTh CBOi XapaKTEpHI O3HAKH,

npeacrasieni Ha Puc. I ta Tabmui 1.
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6) B)

Puc.1 Pentrenosnoriuni 300pakeHHs JIETEHb 3 03HAKaMH HasiBHOCT1 THEBMOHI1Pi3HH BU/IIB: a)
BipycHa, 0) 6akTepianbHa, B) covid-19

Tabnuya 1.1. XapakTepHi 03HAKH Pi3HUX BHUJIIB THEBMOHI{

Buja nHeBMoHIT [ XapakTepHi Bi3yaJIbHI 03HAKHU

XapakTepu3yeTbcss M’SIKUMHU, HETIPO30PHUMHU 3aTEMHEHHSIMH, SIKi JTO3BOJISIOTH,
Bipycna 0aunTH TKaHWHY JeTeHb. MEHII BHIMMI KOHCOMiMAIii (3ryIIeHHS TKaHUHH
nereHsb) (mpukian Ha Puc. 1.2.).

XapakTepu3yeTbcsi OUIBII BUPAKEHUMH KOHCONIAALISIMH  (3TYIICHHIMHU

BbakrepianpHa . .
JIereHb), Ma€ JIOKaNli30BaHui xapakrep (npukian HaPuc. 1.3.).

3aTeMHEHHS Y BUT. J'ISI,[[i MOSaiKH, € ACUMCTPUIHHUMHA (HpI/IKJ'IaI[ Ha

Covid-19 Puc. 1.4.).

Jisa 30UIbIIEHHST KIUIBKOCTI TPEHYBaJbHUX JaHMX Ta CTIMKOCTI O 3MIH 3aCTOCYEMO
ayrMEHTAIlll0 0 TPEHYBAIbHOIO JaTaceTy. AyrMeHTallis JaHUX — IIe MPOIeC CTBOPEHHS HOBUX
MPUKJIAJIB IaHUX UISIXOM 3aCTOCYBAHHS PI3HUX omnepailiii Tpanchopmariii 10 300pa>keHb 3 TaTaceTy.
Cepen onepaitii, siki Oysu 3aCTOCOBaHI 10300paKeHb B TaHOMY JOCITIXKEHHI HACTYIIHI:

° 3MiHa pO3MIpy 300pak€HHS, HUIIXOM OOpi3KH 1H(OpMaliIHO HEBaXJIMBUX KpaiB
300pakeHHS, aJlXKe JI7Isl BUPILLIEHHS 33/1a41 BaXKJIMBA JIMIIE 00JIacThb JIEr€Hb, 110 pO3TalloBaHa OimKye
110 TICHTPY;

° MOBOPOT 300pa)KEHHs Ha BUIAJIKOBO OOpaHMl KyT Ta y JOBUIBHO OOpaHyCTOPOHY
JI03BOJISIE CTBOPUTH Bapialii 300pakeHb IiJ] pI3HUMHU KyTaMH;

° 3MiHa KOHTPACTHOCTI Ta sICKPABOCTI 300paKeHHS.

ApryMeHTaIis TaHUX IMOKpaIlye HaBYaHHs MOJIEIIeH, TOTYFOUH iX 10 HOBUX YMOBTA CHTYAIIii.
VY BUMAAKy 3 PEHTICHOJIOTIYHMMHU 300paKEHHSAMH, B 3aJIeKHOCTI BiJl MPUCTPOIO HA SIKOMY OyJI0
CTBOPEHO 300paKeHHs, MOXJIMBI IE€BHI Bapiallii SKOCT1 TAKMX 300paxeHb. A TaK0X BPaxOBYIOUH, 110
3a3BMYail MEAWYHI JaHi € He JAOCTYMHHUMH, a00 X iX HEJOCTaTHbO, 3a JOIOMOIOI apryMeHTamii
MOXHa MITYYHUM CIOCOOOM  30IIBIIUTH KUIBKICTH MaHUX.OKpiM TOTO, MPOBEACHO MOMEPETHIO
00poOKy 300pa’keHb, IUIIXOM CTaHJApTH3AIlil JaHUX Ta MiJBUIIEHHS KOHTpacTHOCTi. OTpuMaHi

300pakeHHS epealoThCsl Ha BX1J1 3TOPTKOBOI HEMPOHHOT MepexKi, CXema sSIKoi IpeicTaBiieHa Ha Puc.
2.
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Puc. 2. Cxema apxitextypu CNN

3ropTkoBa HEHpOHHA MEpEka, BUKOPHCTaHA i Kiacu(ikamii B JaHOMY JOCIHIKCHHI,
CKJIQJIa€ThCA 3 /-MU 3TOPTKOBUX OJIOKIB, KOXKEH 3 SIKMX BKJIIOYA€ 3rOPTKOBUH 1ap, 3a SIKUM CIIITy€
MaxPooling ta Dropout. 3ropTkoBi miapu BUKOPUCTOBYIOTbCS IJIsi BHSIBJICHHS PI3HUX O3HAaK Ha
300paxkenHsx, MaxPooling 3MmeHiye po3mipHicTh OOpakeHHs, 30epirarodu BaXKIHBI O3HAKH.
Dropout BukopucTOBY€ETBCS Asl peryisipu3amii Mepexi (3amoOiranHs mnepeHaBuaHss). [licns
OCTaHHBOI'O 3rOPTKOBOTrO OJI0KYy BHKOpuUCTOBYeThcss Global Average Pooling, mist 3meHIieHHs
PO3MIPHOCTI JaHHUX 1 CTBOPEHHS BEKTOpa O3HAK, Ta 2 TOBHO3B S3HI MIapu Juis Kiacugikarmii
300pakeHb Ha 4 kiacu. BuxigHuil map cTaHOBUTH MOBHICTIO 3B A3aHUH 1Iap 3 4-pbOX HEHPOHIB Ta
¢dyHKIi€er0 akTUBaLil softmax, 1110 reHepye IMOBIPHICTh HAJIEXKHOCTI 300pakeHHS O KOKHOTO 3 4-
pboxX KkiaciB. [leranpHimmil onmuc Mepexi mpeacraBieHo Ha Puc. 3 3 ypaxyBaHHSM KUIBKOCTI
3aCTOCOBAHUX (UIBTPIB KOKHOTO LIAPY.

Puc. 3. Apxitektypa po3podiaernoi CNN
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TpenyBanHs Mepexi Oyyo mpoBezeHO npu noauti maracery Ha 70% tpenyBanbaux, 30 %
TECTYBAJIBHUX JaHUX, a TakoX npu nogiun — Ha 80% TtpenyBanbaux, 20 % TecTyBalIbHUX JaHHX.
Buoi Tounocti 88% 6yio nocarnyto nputpenyBanHi Mepexi Ha 80% nanux. [Ipu TpenyBaHHi Ha
70% nanux Oyno qocarayTo TodHocTi 86%. Ha Puc. 4 npeacrasieno rpadik GpyHKIIT BTpaT i yac
TPEHYBaHHS MEPEXKi.

— loss
val loss
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Puc. 4. I'padix ¢pyHKii BTpart

BUCHOBKH

3anporoHOBAaHO  ApXITEKTYpy 3TOPTKOBOI HEHPOHHOI Mepexi s Kiacudikarii
PEHTI€HOJIOTTYHMX 300pakeHb Ha 4 KilacH (BipyCHa THEBMOHIs, OaKTepianbHa MHEBMOHIs, covid-19,
BIJICYTHICTh 3aXBOpIOBaHHs). byno npocsaruyto TtouHocTi 88% mpu kimacugikaiii Mepexero,
HaTpeHoBaHOW Ha 80% 300pa)keHb BUKOPUCTOBYBAaHOroJaracery. B sikocTi monepenHboi 00poOku
300pakeHb 0yJI0 3aCTOCOBAHO APTMEHTAIIII0,IT0 TO3BOJIMIIO PO3IIMPUTH JaTaCeT.

JU1s moJablIoro BJOCKOHAJIEHHS MEpeki Ta MiABMIIEHHS TOYHOCTIKIacupikamii MOXHa
cripoOyBaTH yCKJIQJIHUTH apXITEKTypy MEpeki, a TaKOX 3aCTOCYBaTH aHCAMOJIl JEKITBKOX TaKUX
Mepex Ui O1TbII e(heKTUBHOI pOOOTH Ta KpalluX pe3yJbTaTiB.
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Heusosiona JI.B., Kpukynenko K.M., MakapoB C.1. (/[onbacvra depoicasna mawurno6yoisna
axademis, m. Kpamamopcox-Tepronine, Ykpaina)

BUKOPUCTAHHS HEMPOHHOI MEPEXI JIJ151 TIPOTHO3YBAHHSI
TPEHAIB OHJIAUH IT'OP

Anomayia. Y pobomi posenadacmvca mamemamuuHuti anapam 015 NPoSHO3Y8AHHA MPeHOie ma 3a2anbHol
3ayiKaéIeHOCMI KOPUCMYBA4i6 OHNAUH i20p 3 6UKOPUCHAHHAM MEXHON02il HeUupOHHUX mepedic. i npoeHo3y6anHs
MpeHoi8 NPONOHYEMbC MOOENb, Y AKil BUKOPUCIOBYEMbCA 080UIAPOBA HEUPOHHA Mepedca 3 HOpMAanizayiclo Oanux i
ni020MOBKOI0 HAGUANLHUX NAP OJii NOOAIbWO20 HAGUAHHA Mepedci. B axocmi 6xiOHux Oanux Oisi maxoi mooeni
BUKOHYEMbCA 8UOOPKA NOKA3HUKIE OHAAUH-AKMUBHOCMI 3 COYIANbHOI Mepedci Kopucmyseawie oHaauH icop Steam.
Biosnauaemosca cucmemnuil nioxio w000 UKOPUCIMAHHA HEUPOHHUX MeEPediC OISl RPOSHO3Y8AHHS COYIANbHO-EKOHOMIYHUX
npoyecig y mepedci Inmeprem.

Abstract. This paper considers a mathematical apparatus for forecasting trends and general interest of users of
online games using neural network technologies. For forecasting trends, a model is proposed that uses a two-layer neural
network with data normalization and training of training pairs for further training of the network. As input data for such
a model, a selection of online activity indicators from the social network of Steam online game users is performed. A
systematic approach to the use of neural networks for forecasting socio-economic processes on the Internet is noted.

INOCTAHOBKA TMPOBJIEMU. VY cdepi irpoBoi NpOMHCIOBOCTI YCHIX HEPiIKO
BUMIPIOETBCSI CYMAapHUM J0XOA0M 1 KUIBKICTIO 3aBaHTakeHb. LI MOKa3HUKHM MOXYTb JOCSATaTH
MO3HAYOK Yy MUTBHOHU JI0JapiB, IO HE 3aBXKAM € JOCTYIHHUM JUIsl OUTBIIOCTI IrpOBUX MPOIYKTIB Ha
puHKy. [IpoTe, HaBITH HEBENHMKI KOMITaHii MOXYTh YCIIIIHO PO3BUBATHU CBiil Oi13HEC, SKIO 00epyTh
npaBWIBHAN Tiaxia. st JOCSATHEHHS YCHiXy Y JOBIOCTPOKOBIN MEPCIEKTHBI HEOOXIHO MPUITMaTH
BUBXKEH1 PillICHHS 7S MOJANBIIOT0 PO3BUTKY. Y CIIX HAa PUHKY 3aJIe)KHUTh BiJl TOTO, HACKUIBKU IrpU
BIJIMIOBIJAIOTH MOMUTY HAa PUHKY Ta iHTepecaM KopucTyBadiB. Lleil mporec y cydyacHOMY CBITiI Ma€e
Ha3BY «TPEH/IBOTUIHI».

3a 1UMX YMOB MOXJIMBUM I1HCTPYMEHTOM [UISl TNPUUHATTS pIIMIEHb KOMOAHIIMH —
pPO3pOOHMKAMM IPOrPAaMHOI0 3a0e3MEeYeHHS MOXK€ BHUCTYIHMTH 3aCTOCYBaHHsS IPOTHO3YBaHHS
TPEHIIB y KOMII'IOTEpHUX Irpax. B sKkocTi oOpoOKM BEIMKHX MacUBIB Ta MPOrHO3Y TPEHIIB
IPOMNOHYETHCSI PO3IJSHYTH CEpelHiN OHJalH KOMI'IOTEPHHUX Irop, BUKOPUCTATH CTATUCTHYHI
MeToau [1] Ta mTydHi HEMPOHHI MEpExi.

AHAJII3 OCTAHHIX MNYBJIKAIIMA. OG'ekToM  COI[ialbHO-KOHOMIYHOTO
MIPOTHO3YBAHHS € COI1aIbHO-€KOHOMIYHI ITPOIIECH — TOOTO. CYKYITHICTh EKOHOMIYHHUX Ta COIIaTbHUX
npoiieciB popMyBaHHS Ta PYHKIIOHYBAaHHS COLIaIbHO-€KOHOMIYHOT CUCTEMH, 1110 XapaKTePHU3YyIOTh
JUHAMIKy 3MIHM ii MapaMeTpiB Ha INEBHOMY pIBHI TOCIOJaplOBaHHs. 3acTOCyBaHHS METO[IB
COL1aTbHO-€KOHOMIYHOT'O ITPOTHO3YBaHHS JJIsl IPUMHATTS YHPABIIHCHKUX PIlIEHb CTaJI0 00’ €KTOM
nociipkenab B. I'. Boponkooi [2], T'eenrs B. M. [3], B. €. I'paboBernskoro [4]. ¥V poboti [5] L.
MyHkauiil Uil po3paxyHKy HPOTHO3HOTO 3HAUYEHHS MOKa3HUKA MPONOHYEThCS BUKOPUCTOBYBATU
METO/I €KCTPanoJIAIil TpeHaIB. Y poOO0Ti [6] MeKOMITO3UIlisS TPEHAIB BUSBUJIA HAABHICTH CE30HHOI
KOMIIOHEHTH Ul COLIaJbHOI iHXeHepii. Y poOoTi [7] po3risgaeTbcsi MPOTHO3YBAHHS TPEHIY
CBITOBHX I11H Ha 0a31 CMI-Moaeni eKOHOMIYHHX IIAKIIIB.

MeTtow poGoTH € TiABMIICHHA €(EKTUBHOCTI TpoLecy MNPUHHATTSA pillIeHb
HIAIPUEMCTBAMHU 3 PO3POOKM Ta BIPOBAXKJEHHS KOMIT IOTEPHUX ITOP 3a PaXyHOK CTBOPEHHS
METOAMKH MPOTHO3YBAaHHS TPEHIB Ta 3arajibHOi 3alliKaBIEHOCTI KOPHCTYBayiB OHJIAHH irop 3
BUKOPUCTAHHAM TEXHOJIOT1M HEeWpOHHHUX Mepex. Taka MeToAuKa JI03BOJIMTH PO3POOUTH
iH(popMalliiiHy cucTeMy MiANPUMKH NPUHHATTSA pillleHb Ta aBTOMAaTHU3yBaTH MPOLIEC OTPUMAHHS
pexomeHalii Ha 0a31 TPeHIBOTUHHTY.
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ABTOpaMU MPOTIOHYETHCSI MOJIEIb, Y SAKI BUKOPUCTOBYETHCS JIBOIIAPOBA HEHPOHHA MEpeKa
3 HOpMaJli3alli€l0 JaHUX 1 MiJrOTOBKOIO HABYAIBHUX Map JJIS MOAAJBIIOTO0 HAaBYAHHS MEPEXKi.
Mepexa mae nBa BXOAW 1 OOuH BUXiA. [ MIATOTOBKM NAaHUX Iepell HAaBYAHHSM IMPOBOJUTHCS
HOpMaTi3alis BXiIHUX JaHuX B aianazoHi Big 0 1o 1 [8]. Ha mpakTuii gana Mmojens 6a3yBaTUMEThCS
Ha BUKOpPHUCTaHHI 010Ji0TeKHM brain.js Uil MPOTHO3YBaHHS OHJIAWH-aKTHBHOCTI B T€HMIHTOBOMY
cepBici Steam. Steam — oOHJIaH-CEPBIC IU(PPOBOTO PO3MOBCIOKEHHS KOMIT'IOTEPHUX irop Ta
mporpaMm, po3poOieHuii  kommaHiero Valve. Steam BuKOHye poib  TIaTGOpPMH IS
0araToKOPUCTYBAIBKUX IrOP 1 TOTOKOBOTO MOBJICHHS, & TAKOXK COIIAIbHOT MEPEXKi JUIsl TPABIIIB.

[Tin TepMiHOM «TPEHABOTYIHI», SIKUM Ma€ aHTJIOMOBHE MOXOkeHHs (Bix trend watching),
PO3YMIETBCS 3IaTHICTH MPABUIIBLHO BIJCTEKYBAaTH TPEH/IM HA PUHKY, a TAKOXK CBOEYACHO pearyBaTu
Ha IXHIO TOsIBY B iH(opMamiifHOMy cepenoBuiii. [lig TpeHIOM BapTO PO3YMITH SBHIIE, SKOTO
30epiraeTbes CTIHKUM iHTEpec 3 00Ky KoprucTyBauiB. [Ipu 11boMy i caMe 11e SIBHILE XapaKTepU3yeThCs
CBOEPITHOIO JIOBFOBIYHICTIO Ta CTA0IBHICTIO.

Taka mporHo3Ha iHGoOpMAIlisS JacTh MOXIHMBICTH 3PO3YyMITH, SKHM YHHOM 3MIHIOETHCS
KUIBKICTh T'PAaBIIiB BiJ MICSISI J0 MIcCSIs Ta BUZHAYUTH MaiOyTHI TpeHAU. MoJenb BUKOPUCTOBYE
HeHpOHHI MepesKi 1 IPOrHO3yBaHHS MaiOyTHLOr0 OHIAiHY B irpax. Ii miaroroBka BKiIIOYaE Kinbka
eTamniB:

1. 306ip gaHuWX — BUKOPHUCTaHHS JaHUX MPO CEPEIHIO KUIBKICTh TPaBIliB, IPUPICT TPABIIB,
IOPUPICT Yy BIACOTKAX Ta MiK OHJIAHHY U1 KOXKHOTO Micsus 3 koBTHs 2021 poky 1o >xoBTeHb 2023
POKYy.

2. Hopwmanizamis qaHuX — NepeTBOpEeHHs 3HadeHb Ha mkany Big 0 mo 1. Lle gomomarae
MOJIEJ Kpallle aJanTyBaTUCS 10 BXIJHUX JAHUX Ta YHUKHYTH MPOOJIeM, MOB'SI3aHUX 3 PI3HUIICIO B
MaciTadl 3Ha4eHb Pi3HUX aTpuOyTIB, A HOpMati3alii JaHuX OyJ/le BUKOPUCTOBYBATHCS HACTYITHA

dbopmyna:

Xi: XI_Xmin (1)
Xmax_Xmin

ne Xi — HOpMali3oBaHE 3HAUEHHS, X; — OpHUTiHANbHE 3HAYEHHS, Xmex — MaKCHMalbHe
3HAYeHHS, X min— MiHIMaJIbHE 3HAUYCHHSI.

3. IloOynosa HaBuanbHUX Map. Ha ocHOBI HOpMai30BaHUX JaHUX (POPMYIOTHCS HaBYAIbHI
nap [9], B AKuX BXiJHI IaH1 BIIMOBIAIOTH OJTHOMY MICSIIIO, @ BUX1/IHI JaH1 epeadadaroTh KUTbKICTh
CEpeHIX IPaBIIIB HACTYITHOTO MiCAIIS.

4. CTBOpeHHs Ta HABYaHHS HEHPOHHOI Mepexi. Mo/ielh BUKOPHUCTOBYE HEUPOHHY MEPEKY
3 mapaMmeTpamH, SKi MOKHa HalamToByBaTH. [1icis miArOTOBKM JaHUX MOJENb HABYAETHCS HA ITUX
HaBUYAJIBHUX Mapax.

5. IlporHo3yBanHs MaiiOyTHhOrO OHialHy. [licrs HaBYaHHS MOJENb BUKOPHUCTOBYETHCS
JUTSL TIPOTHO3Y CePeHBhOI KUTBKOCTI TPaBIiB HA HACTYIMHUN MICSAIb HA OCHOBI OCTAaHHIX JOCTYITHUX
naHux. [licms mporHO3y BUKOHYETHCS MEPEriisi[ pe3ylbTaTy MAis OTPUMaHHS MPOTHO30BAHOI
KUIBKOCT1 TPaBI[IB y PEATbHUX OJWHUIX, JUIS IHOTO JaHl MOBHHHI OyTH Je€HOpMasi30BaHHI.
BukopucroBytoun (opMysly HopMamizalii BUpa3suMoO X1, BHACIIJOK 4Or0 OTPUMAEMO HACTYIIHY

Gopmyy:

XI:Xi(Xmax_Xmin)+Xmin (2)

ne Xi — neHopManizoBaHe 3HAYEHHs, Xi — HOPMAJTi30BaHE 3HAYCHHS, Xmox — MAKCHMAIILHE
3HAYEHHS, X min— MiHIMAJIbHE 3HAYCHHSL.

6. IloOynyBanus rpadiky. Ha ocHOBI oTpuMaHUX MJaHUX, OyAyeTbcs Tpadik, SKHi

BiJoOpaXkae JMHAMIKY 3MiH CE€peIHBOI KIJIbKOCTI IPaBIliB, @ TAKOXK BKIJIIOYAE B ceOe HaByYalbHI J1aHi,
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TECTOBI JaHl Ta MPOrHO30BaHI 3HaueHHs. [loO0ynoBanuii rpadix TO3BOJUTH Bi3yaJIbHO MOPIBHATH
peasbHi JaHi 3 MPOrHO3HUMH, 1I€ JACTh 3MOTY 3pO3YMITH, HACKUIBKU 100pe MOJIENIb BUPIIIYE 3a/1a4y
POTHO3YBaHHSI.

BUCHOBKH

TakuMm 9yrHOM, 3aIIPOIIOHOBaHA MOJIEITb JO3BOJISIE KPaIlle PO3yMiTH TEH/ICHIII] Ta B3a€EMO3B'SI3KU
MK pI3HUMH aTpuOyTaMy TeMIHTOBUX NAHHMX 1 MPOrHO3yBaTH MaiOyTHI 3MiHH Y T€MIHTOBOMY
cepenoBuii. Bona Moxe OyTH BUKOpPHUCTaHA JUIs TOKPAIIEHHS YIIPABIiHHSA PO3POOKOIO MPOTpaMHUX
NOPOAYKTIB y chepi KOMO'IOTEPHUX irop, a TaKOX JUIsl MPUUHATTSA 1HPOPMOBAHMX PIlIEHb LIOAO
PO3BHUTKY IeMIHTOBO1 iHAYCTPIi.
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Ouiitnuk C.JO., Onumyk C.I'., Tyaynos B.1. (Jlonbacbka aepkaBHa MamnHOOY/ 1iBHA aKaIeMisl,
M. KpamaTopcek, Ykpaina)

IHTETPAIISA HITYYHOT' O IHTEJEKTY TA HEMPOHHUX MEPEXK Y KYPCI
«OCHOBHM TEXHIYHOI TBOPUOCTI»

Anomauin. Y cmammi posensanymi npobiemu oc80€HHs oucyuniinu « OCHO8U MeXHIUHOT meopuoCmiy 8 yMoeax
()ucmaHLﬂ'l:ZHOZO ma ouHo2o HasuaHnus. Busnaueni ocnoéui nepenonu 0151 00CSACHEeHHS pe3yﬂbmami6 HABYAHHAL.

Abstract: The article deals with the problems of mastering the discipline "Fundamentals of Technical Creativity"
in the conditions of distance and full-time education. The obstacles to achieving learning outcomes are identified.

Jucrurnina "OCHOBH TEXHIYHOT TBOPYOCTI" B CyYaCHMX YMOBAaX BU3HAYAETHCSA SIK KIIFOUOBUN
€JIEMEHT OCBITH Ha OaKalaBpChbKOMY piBHI Ha Kadeapi iIHHOBAI[IHUX TEXHOJIOTIH Ta yrpaBimiHHs [1].
OcBiTHS mporpamMa Ii€i JUCIUIUTIHA Ma€e TTUOOKI KOpEHi Ta BU3HAYEHY CTPYKTYpY, SIKa PO3BUBAE
BaYUTUBI HABUYKHU JUTs CTYIAeHTIB [2, 3]. [IIBUaKi 3MiHU B TEXHIYHOMY CBiTi BUMAraroTh BUPIIIICHHS
HOBUX 3aBJIaHb y TE€XHII[l Ta TEXHOJIOT1SX, 10 POOUTH 110 JUCIUILTIHY aKTYalIbHOIO.

VY cydaCcHOMY OCBITHROMY CEPEIOBHUIII BaXKIIMBO HE JIMIIE OTPUMYBATH MPOQeciiiHi HAaBHUYKH,
ajie 1 po3BUBATH TBOPUI 3/110HOCTI MalOYTHIX iHXKeHepiB. PaxiBIli CbOTOJEHHS PO3B'sI3yI0Th CKIIaIH1
3aB/JaHHS, OO'€HYIOUM pI3HI HAyKOBI Taay3l Ta 3a0e3ledyloud KOHKYPEHTO3MAaTHICTh CBOIX
MPOAYKTiB. AKTHBI3aIlisl TEXHIYHOT TBOPYOCTI CIIPHUsi€ BAHUKHEHHIO HOBHX 1 BJOCKOHATICHUX PIllIeHb.

3acToCyBaHHSI MITYYHOTO 1HTEIEKTY Ta HEHPOHHUX MEPEK MOKE 3HAYHO IMOJIIIIITUTH IPOIIEC
BUKJIaJaHHs quciuiuiing "OcHOBH TeXHIYHOI TBOpYOCTi". HelipomepexeBi TEXHOIOTII MOKYTh OyTH
BUKOPHUCTAHI IS aHAJI3y IHIWBITyallbHUX OCOOJIMBOCTEH CTYIEHTIB, a TAKOX JUIsl MPOIO3UIII
1HIUBIyaJbHUX 3aBAaHb, CIIPSIMOBAHUX HA IXH1 CHJIbHI CTOpOHU. LIITy4YHMIT IHTETIEKT MOXKE CITY)KUTU
IHCTpPYMEHTOM JIJIi aBTOMATH3allii OI[IHIOBAaHHS TBOPYMUX POOIT CTYISHTIB Ta PO3POOKHU
IHIUBIyaTbHUX MiIXOMAIB 10 KOKHOTO 3 HUX.

Kypc "OcHoBH TexHIUYHOI TBOPUOCTI" MOke OyTH MEpEeTBOPEHUH 3a JONOMOIOI0 IITYYHOIO
1HTEeNeKTy 1 Heiipomepex. Hanmpukmnan, cuctema Moke BUKOPHCTOBYBATH aJTOPUTMH MAITMHHOTO
HaBYaHHSI JJIs aHANI3y Ta Kiacu@ikallii i/1eH, Ikl IpONOHYOTh CTYI€HTH, 1 Ha/laBaTu 1HUBI Ty alIbHUI
¢bi1a0ex s MOKpaIIeHHs iXHIX TBOPUYUX HABUYOK.

3acTocyBaHHS IHHOBAllIMHUX TEXHOJOTIHM, TaKUX K IITYYHUH IHTEJIEKT Ta HEHPOMEpPEXKi, B
KOHTEKCTI IuciuIuiind "OCHOBU TEXHIYHOT TBOPUOCTI" MOXE CTaTH MEPCHEKTUBHUM HAIMPSIMKOM
PO3BUTKY, CIIPUSIOYH OLIbII €(EeKTUBHOMY BUBUEHHIO Ta PO3BUTKY TBOPUUX 3A10HOCTEH CTYIEHTIB.

BukopuctanHs MmMTY4YHOTO iHTENEKTYy Ta HEUPOHHUX Mepek B Kypci "OCHOBU TEXHIYHOI
TBOpYOCTI" MOk€ OyTH BIOCKOHAJECHOIO CTpaTeri€lo i MIATPUMKU CTYJEHTIB y IXHbOMY
HaBYAJILHOMY MPOIIeCi Ta PO3BUTKY TBOpUYUX HaBUUOK. OcCh €Ki HAMTPSIMKH, K1 MOYKHA PO3TJISIATH:

1. IlepconasizoBaHe HABYAHHS:

. CucteMH MTY4YHOTO IHTENEKTY MOXYTh aHaJi3yBaTW IHIMBiAyallbHI HAaBUYKHU Ta
c1a0Ki CTOPOHU KOKHOTO CTY/ICHTA.

. Heiipomepexxi MOXXyTh CTBOPIOBAaTH IE€PCOHANi30BaHi HaBYalbHI TpAEKTOPIii, e

CTYyJI€HTaM IMPOIOHYIOThCS 3aB/IaHHS Ta MaTEPialiy, K1 BIANOBIJAIOTh IXHbOMY PIBHIO 3HaHb 1 TEMITY
HaBYaHHS.

2. ABTOMATH30BaHA OLIHKA TBOPYOCTI:

. 3acTocyBaHHSI HEUPOHHUX MEPEXK JIJIS OLIIHIOBAHHS TBOPYHMX POOIT MOXKE TONOMOITH
00'eKTHBI3yBaTH MPOLIEC OLIIHIOBAHHS.

o MoXnuBICTh BU3HAYCHHsI IHHOBAI[IHHUX €JIEMEHTIB Ta OIliHKa IXHBOTO BIUIMBY Ha
pilIeHHs TPo0IeMHU MOKe OyTH aBTOMaTHU30BaHOIO.

3. I'enepanisi TBOpYHX igeii:
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. 3acTocyBaHHS TCHEPATHBHUX HEHPOHHHX MEPEX I CTHMYJIOBAHHS TBOPYOTO
MUCJICHHS Ta TeHeparlii i1eH.

. Buxopucrtanss aaropuTMiB MallMHHOTO HAaBUaHHS JJIs aHANI3y 1€l CTYIEHTIB Ta
HaJlaHHS IM PEeKOMEHIaIlii ISl OJIIMIICHHS Ta PO3LIMPEHHS IXHIX KOHLIEIIIIH.

4, CnpusiHHSI BUPillIEHHIO TBOPYMX 3aB1AHb

. CTBOpeHHSI BIpTYaJbHUX ACHUCTEHTIB, sIKi 0a3ylOThCS Ha aNrOpPUTMAax MAaIIMHHOTO
HABYaHHS Ta MOXKYTh HaJlaBaTH CTYACHTaM IiATPUMKY 1] 4ac BUPILICHHS TBOPUYHUX 3aB/IaHb.

. Buxopucranus HelpoMmepex Ui aHaNi3y MiAXOAIB 10 pO3B'3aHHS MpoOIeM Ta
PO3pOOKH CTpaTeriii AJik ONTUMAIBLHOTO BUPIIIICHHS.

o. BincrexenHs: Ta anaJii3 nporpecy:

. 3acToCcyBaHHsSI QJITOPUTMIB HaBUaHHS JJIs BIJCTEXKEHHS Ta aHali3y HpOrpecy
CTYACHTIB y PO3BUTKY TBOPYMX HABHUOK.

. BusnauenHsi 1HAMBIAYyadbHUX JOCATHEHb Ta 3alpPOIOHYBAHHS BJIOCKOHAJIEHb MJIs

HOJAJIBIIOTO 3POCTAHHS.

3aranbHa MeTa BUKOPUCTaHHS IITYYHOI'O 1HTENEKTY Ta HeHpOHHUX Mepex y Kypcl "OcHoBH
TEXHIYHOT TBOPYOCTi" TOJSTAE B TOMY, II[00 CTBOPUTH €(hEKTUBHE Ta IHTEPAKTUBHE CEPEIOBHIIE IS
CTYJIEHTIB, SIKE CIIPUSE PO3BUTKY iX TBOpUYUX 3A10HOCTEH Ta TIIMOOKOMY PO3YMIHHIO TEXHIYHHX
KOHIICTIIII}.
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MaBawk O.M., MeaukoBcbkuii M.O., Mimyk M.B. (Hayionanvnuii ynieepcumem «Jlvgiscoka
nonimextikay, Jlveis, Ykpaina)

METO/I JATA-MAHHIHI'Y Y HEHPOMEPEXKEBOMY NPOrHO3YBAHHI
3AJIMIIKOBOTO 3APSITY AKYMYJISITOPHOI BATAPEI KEPOBAHOI
POBOTOTEXHIYHOI INTAT®OPMU

Anomauyin: B pobomi npedcmasneno memoo Ha OCHOSI eIUDOKUX HEUPOHHUX MePeNC ma Oama-MauHiney Ois
NPOCHO3Y6AHHS HANPYSU 8 EeNeMEeHMAX aKyMyIsmopHux Oamapeil Kkeposanoi pobomomexuiunoi niamgpopmu. s
BUSBNICHHSL BIOCYMHIX OAHUX NPOBEOEHO IX NONepeoHe ONpaylo8ants Ha OCHOBL AHANIZY 8apiayii WISIXOM PO3DAXYHKY:
CMAHOAPMHO20 GIOXUNEHHA, BAPIAHMHOCI, MIHIMANLHUX MA MAKCUMATbHUX 3HAYEHHb, OIana3oHy, NIHIlHO20 ma
CMAanOApmHO20 8iOXUNEHHb 0I5 8CIX 00380JEHUX 3HAUEeHb cueMa. Bmpauenumu esasxcanu 0ani, cuema axux nepesuuyysana
1,5 ma ix gionosunu xoe3Hum cepedrim 3 giknom 12. Illnax axutl npoxooums Keposana pobomomexniyna niamgopma
po3Ounu Ha ceemermu. [ KO#CHO20 3 HUX HA OCHOBI 0ama-MauHiHey po3paxysanu 000amKo8i napamempu: KiibKicmo,
mpuganicms, 0elbma Hanpyau, Kinyegy ma nou4amxogy Hanpyay nio wac npoizody ceecmenma. /lani po3ounu na cmamuyui
ma ounamiuni kameezopii. Iliocomyeanu mpeHyg8anvHti, 8anrioayitiHi ma mecmosi Habopu 0/ 2IUOOKUX HEPOHHUX MEPELC.
Excnepumenmu, nposeoeni na oanux KPII Formica 1 xomnanii AIUT Ltd., nokazanu 6ucoky mouHicmo
Kopomkocmpokogoeo (MAPE =0,09%) ma cepeonvocmpokogoeo (MAPE =0,18%) npoeno3ysanns.

Abstract: This paper presents a method based on deep neural networks and data mining for predicting the
voltage in the battery cells of a controlled robotic platform. To identify the missing data, they were pre-processed based
on the analysis of variation by calculating: standard deviation, variability, minimum and maximum values, range, linear
and standard deviation for all allowed sigma values. Data with a sigma of more than 1.5 were considered lost and were
recovered by a moving average with a window of 12. The path of the controlled robotic platform was divided into
segments. For each of them, additional parameters were calculated based on data mining: number, duration, voltage
delta, final and initial voltage during the segment. The data was divided into static and dynamic categories. We prepared
training, validation, and test sets for deep neural networks. Experiments conducted on the data of the Formica 1
switchgear of AIUT Ltd. showed high accuracy of short-term (MAPE = 0.09%) and medium-term (MAPE = 0.18%)
forecasting.

I3 po3BuTKOM KOHUeNUil iHaYycTpii 4.0 kepoBaHi poboToTexHiuHi iardpopmu (KPII) cramu
HE JIMIIE JUKEPETIOM PI3HOMaHITHUX JJAHUX OTPUMAHHUX 3 X ceHcopiB [1,2]. Bunukiia HeoOXiaHICTD y
IHTENEKTyaJbHOMY aHalli3l IMX BEIMKMX MAacHBIB JAaHUX 3 METOI0 IMOKPAIICHHS YHPaBIIHCBKUX
pimiens mono Jorictukun KPII. ¥V cyyacHMX BHYTpIIIHIX TpaHCIOPTHUX CHUCTEMax, SKi
BIJJ3HAYAIOTHCS THYUKICTIO Ta €(DEKTUBHICTIO, BaXJIMBO MAaKCUMAIIbHO €(peKTUBHO BUKOPHCTOBYBATH
akymyssitopHi 6arapei KPII. Ockinbku KPII € eneprosamexxHuMu, TO BiJi TOYHOTO MPOTHO3Y
3aJIMILKOBOTO 3apsly iX aKkyMyJlSaTOpPHUX OaTapeil 3aleXUTh BECh IPOLEC BUKOPUCTAHHS LIHUX
wiatrGopM Ha mignpueMcTBax. Tomy mpoOiiemMa MPOrHO3YBaHHS po3psily Oarapei Ta 3arallbHOTO
YIpaBIiHHS HEIO 3aJIUIIAEThCS aKTyaIbHOIO, HE3aJIeKHO BiJl KOHKpeTHoro tuny KPIIL.

Ha cporognimHii AeHb OJHUM 13 HAWNEPCHEKTUBHIMIMX HANPSMKIB IMPOTHO3YBaHHS
3aJIMILKOBOTO 3apsy B eJIeMEeHTaxX akyMyJsaTopHux 6arapeit KPII € MeToau MalimHHOTO HaBYaHHS
[3,4]. OcoOnuBICTP CHUCTEMH HEWPOMEPEKEBOIO MOJETIOBAHHA K METOAY JJid M0OyIOBU
INPOTHOCTUYHUX MOJEJel Moisrae B i 3JaTHOCTI aBTOMAaTHYHO BMBYATH Ta aJalTyBaTHUCS [0
CKJIQJIHUX HENMHINHUX 3aJeKHOCTeH y BXIJHUX AaHHUX. B 1X OCHOBY MOKJIaJieHO MITY4H1 HEHPOHHI
mepexi (IIIHM). Bonu 103BOJISAIOTE BPaxoOBYBaTH CKJIaJHI B3a€EMO3B'SI3KM MK PI3HUMHU
XapaKTepUCTHKaMU 1 BPaxOBYBaTH iX JUHAMIKY B yacl Ta ajantyBaTucs A0 3MiHHUX ymos. [ITHM
MOXYTb IPAIIOBATH 3 BETUKUM 00CATOM Pi3HOTUMHMX JaHUX. TounicTh HaB4aHHs [ITHM 3anexuts
HE JIMIIE B 00’ €My, ajie i BT SIKOCT1 TaHHX.

OCHOBHUMM HEOIKaMH 5K TOBUHHI OyTH yCYHYTI B IaHUX € [5, 6]:

® HAABHICTb aHOMAJiii, TOMUJIOKH YU BIICYTHICTh BaXKJIMBOI iH(POpMAILii;
® HEepenpe3eHTAaTHBHICTh BUOIPKH 3 HEAJCKBAaTHUM BiJOOpaKEHHSM PO3MOILTY 3MIHHUX;
e Manuil 0OCST TaHUX;
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® HAABHICTH UIYMY B JaHUX;
® BIJCYTHICTH OajlaHCy MiX Pi3HMMH KJ1acaMH y BHOIpIIi;
® HAIBHICTh BUKPHUBJICHB 3 MPUXOBAHUMHU UM CHCTEMAaTUYHUMHU CIIOTBOPCHHSMMU.
36ip nanux KPII Formica 1 Ha ocHOBI fKHil pOOMIM MPOTHO3 HITIHCHOBAIM HA OJHOMY
noBepci mianpuemctBa AIUT, T'misine ITonpma. Ha Puc 1. npencraBinena mana mapupyrty KPIT

Formica 1 moGynoBaHa 3a JOIIOMOTOFO CIIEIIiaTi30BaHOTO MTPOrpaMHOTo 3abe3neuenHs Navitrol v 6.4
[6, 7, 8].

top |

9,10 | = — 15,12 6 | L[5 J}
47,44 3 [39.36] L [7.4 \
Ta)
s

Puc 1. Mana mapmpyty KPII Formica 1 na mignpuemctsi AIUT.

CBiT/IO-KOPHYHEBUM  KOJBOPOM IO3Ha4YeHi cTamioHapHi mnepemkoau (CTiHM,
cranioHapHi po0o4i Micls, e NPaNIOTh JIOAH, NajJeTH Ta iH.), e pyx KPII 6yB 3a0opoHenmnii.
CuniMu JiHiIMH NO3HAaYeHO HLISAX, AKUM Ao3BoJiennil pyx KPII. Hairauiiini Touku, Mix
sskumi i31uTh KPII, no3HaveHi BeJITMKMMU YOPHUMH KPAaNKaMH 3 KOPUYHEBOIO BEPTHKAJIbHOI0
JiHiero. MajleHbKi YOpHi Kpanku - e BiApi3ku, Ha sKi noaijieHo Becb MapupyT. CyKynHicTh
HaBiraiiHUX TOYO0K YTBOPIO€ arperar, TOOTO JIOTiYHy OAMHNIIO, B MexkaX sikol KPII noBHicTIO
BHKOHA€ O/IHE MOCTABJICHE Mepe] HUM 3aBJaHHsA. MapmpyT cKJIaJa€eThbCsl 3 IPOHYMEPOBAaHUX
CerMeHTIiB YepPBOHMMH Ta 3eJIeHHMH K0JIbopamMu. YepBouum kob0poMm, koau KPII pyxaerscs
nepeaom, i 3eJIeHUM, KOJIM BiH pyxaeTbes 3a10M. LluM cerMeHTamM NpHCBOIOIOTHCH YHIKAJIbHI
HOMEpH NPHU CTBOPEHHI KAPTH MapLIPYTY i He 3MiHIOIOTHCA /10 THX Mip, NOKH KAPTAa MAPLIPYTY
He Oyne 3MiHeHa.

Ha puc.2. noka3zano ¢peiim ctpykrypu 360py nanux KPII Formica 1.

Field

M BEGINNING

size (bytes)
Byte number

various
3] 29] 0] 31] 37] [ T [ [T

;
[

12
8] of sof ] 7] T a5 as a7 s8] 1] 20 21] 2] :

UINT =1 = ETVVETEY

[
LI T T T T T T T T T T T T T T -JJ\\\\TIJJ\\JF >

Puc. 2 ®peiim ctpyktypu 360py nanux KPII Formica 1.

JlaHi 010 eHeprocnoxuBaHHs po3MmineHi Bix 83 0aiity no 98 Gaiity. B Hux ige 3anuc

TaKUX MapaMeTpiB:

® MMHTTEBE CIOKUBaHHSA CTpyMy (mA);
Harpyra eJeMeHTa KUBJIEeHHs (mV)
MUTTEBE CIIOKHUBaHHs eHeprii (W)
MUTTEBE CcriOKuBaHHs eHeprii (Ws)
aKyMyJIATUBHE criokuBaHHs eHneprii (Wh)
Hactynnux 3 6aiftu € 3ape3epBOBaHUMU i 1HII (QYHKIIIT OB’ s3aH1 3 eHEPrOCIOKUBAHHAM
KPII Formica 1. Bci ictopuuni fgani 3untyBanucs 3 0a3u JaHuX Ta Hajacwiaiaucs Ha nmopt 5000. 3a
nornomororo kiaieHTebkoro npotokoiny OPC UA nani 3anucyBanucs y Qaitn 3 pozmmpenssam ".pkl" y

ASCll
Ascll
Ascll

[

Ascll
Ascll
Ascl

Nt e

Example
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dopmari CSV (comma-separated values). Jlna orpumanus HeoOximaux napametpiB KPII 3 daitny
".pkl" BuKOpucTOBYBaacs nporpamta 6idmaiorexa Pandas mosu Python.

JlaTa-mMaiiHIHT 3/11MCHIOBAJIN y KUJIbKA eTalliB. 3rigHo ctanaapty nporokoiny OPC UA 3 meToro
€KOHOMII JHMCKOBOTO TPOCTOPY Ta ONTHMI3alii MPOMYCKHOI 3JaTHOCTI KaHaly 3B'S3Ky, JdaHi
3allUCYIOThCS JIMILIE MpU 3MiHI 3HaueHHs napamerpa. CrodaTKy iX BIIHOBHWJIHM 3 IOCEKYHHOIO
PIBHOMIPHOIO JAMCKPETHU3ALIEI0 TIO oci yacy. Jlani ycepeJHUIN MOXBIIMHHO. JlaHi 3amuc SKux He
3IMCHIOBABCS B 3a/1aH1 4YacOB1 MPOMDKKHM — BHJIYYMIIM 3 JaTaceTy (Hampukian, "ActualSpeed L" ta
"ActualSpeed_R").

HactynHuM KpOKOM - BUAAUIMIM CHOHTaHHI BUKUIM Ul HOKPAILEHHS SKOCTI HaBYaHHSA
HTHM, OCKiJIbKH MICH YCEpEeAHEHHS! BUKHUIM BCE 1€ 3aIMIIIINCS B CUTHajIax. Metoa, sikuil 0yino
BUKOPUCTAHO JUIs BUSBJICHHS Ta BUAAJICHHSA BHUKUAIB, 0a3yBaBCs Ha JUCIEpCIIiHOMY aHami3l.
[ToGynyBanu Ajsi KOKHOTO CHUTHAJY TICTOrpaMmy pO3MOAUTY Ta BTPAYCHHMMH TAaHUMHU BBaXKalld
CIIOHTaHHI BUKUJAM, CUI'Ma SIKUX IepeBullyBaina 1,5. SIKiio 3HayeHHs IIyMy [I€BHOrO Ilapamerpa
MIEPEBHIIYBAIO TIOPIT CHTMHU, WOTO 3aMIHIOBAIM KOB3HUM CEpEIHIM 3HA4YCHHSM Mo 12 Toukax
(onTUManbHE 3HAYEHHS BUOPAIM €KCIIEPUMEHTANIbHO). TakoX po3paxyBalM CepeAHe KBaJpaTHUHE
BiJIXWJICHHS, JIUCIICPCiI0, MiHIMAJIbHE Ta MaKCHMaJlbHE 3HAYCHHS, PO3MaXx, JIIHIMHE BiIXWICHHS Ta
Cepe/IHe KBaJpaTUYHE BIIXUIICHHS.

Jlani mpoBenu aHali3 JaHWX IIISIXOM OOYHMCIICHHS HACTYIHHUX IMapaMeTpiB JUIS KOXXHOTO
CerMeHTa:

® CErMeHT - HOMEp 3a3HAaYE€HOr'0 CerMeHTa;

® TPUBAIICTb - cepeaHs TpuBaiicTb npucytHocti KPII y neBHOMY cermeHTi;

®  KUIBKICTh BUOIPOK - cepeHs KUIbKICTh BUOIPOK IS JAHOTO CErMEHTA;

e JlenbpTa HiipaXyHKY Halpyrd - MaTeMaTW4HE CIIO/AIBAHHSA MajiHHA Harnpyru Oartapei micis

OJIHOT'O IIPOXOJIXKEHHS JAHOTO CeIMEHTa;

e Jcrepcisd AeTIbTH HANpYTH - TUCTIEPCist NaJiHHS HAIPYTH aKyMYyJIATOpa MiCisl IPOXOIKEHHS

MIEBHOT'O CETMEHTA;

e Maca - Maca, siky KPII nepeBo3uth Ha JaHOMY BiJIpI3KY;
e Hampyra Ha MOYATKy CETMEHTa - yCepeJHEHa Hampyra akyMyJsITopa Ha MOYaTKy pyXy Ha

JTAHOMY CETMEHTI.

ITig yac aHami3y BUSBMIIM 25 yHIKaJIbHUX CETMEHTIB HAa OCHOBI KMX pO3paxyBalld Takl HOBI
napaMeTpH: CETMEHT, KIJIbKICTh BI/IIIKIB, TPUBANICTh, 1e/IbTa HANPYTH, Maca Ta MOYaTKOBa HaIpyra
cermeHTa. OTpumani mapamerpu OyJiu 3TpymnoBaHl 3a 3Ha4YeHHSAM 'cerMeHTta'. J[Jsi KOXKHOTO
CerMEHTa pO3paxyBajiM "KUIbKICTb BHOIPOK" - CepeIHI0 KUIBKICTh BHUMIPIOBaHb IS BCIX
JnociipKkyBaHux napamerpiB. Ockuibku yac, nposenenuil KPII y cermenti, moxe OyTH pi3HUM, TO
TaKO po3paxoByBayu "TpuBanicts" yacy npoxomkeHHsa KPII uepes cerment. Ko KPII Bxoauna y
CEerMEHT, Hampyra Ha eJeMeHTax Oarapei 3amMcyBajiacsi $K MapaMeTp '"TOYaTKOBa Hampyra
cermeHTa". Pi3HMIIA MiX 3HAUCHHSIMM HAIpyTH Ha eleMeHTax OaTapei Ha BXOJll 1 BUXO/1 3 CErMEHTa
30epiranacs B mapameTpi "nenpra-Hanpyru". [Tapamerp "maca" BimoOpakaB Macy sIKy IepeBO3UTH Ha
co6i KPII. Yci po3paxoBaHi mapaMeTpu pO3AUTWIM Ha CTaTH4YHI Ta JuHaMiyHi. Jlo craTMyHHX
napaMeTpiB HaJleKalld CErMEHT, KIJIbKICTh CErMEHTIB, TPUBAJICTh, J€JIbTa HANpyrd Ta Maca.
JluHaMiYHMM napamMeTpoM OyJia Hampyra Ha HOYaTKOBOMY CETMEHTI.

Jns napuanHs IIIHM Bci nani okpiM "cerMeHT' HOpMali3yBajiM 3a JIOMOMOTo (yHKIIT
Python MinMaxScaler() B niana3oni Big 0 mo 1. [y BUKOHAHHSI KOPOTKO- Ta CEPEIHHOCTPOKOBHX
nporuo3iB nodyaysanu komitetr ITHM npsimoro nommpeHHs: 6€3 3B0OpOTHOTO 3B'SI3KY, B AK1il cUTHAI
NoJaBaBCsl Ha BXITHHMM map 3 12 HelipoHamH, MPUXOBaHUN IIap 3 PI3HOIO KiJIBKICTIO HEMPOHIB B
3aJIeKHOCTI BIJ MapaMerpa Ta BHUXIJHUN miap 3 OJHUM HeilpoHoM. KinbkicThb HEWpOHIB Ha
NPUXOBAaHOMY Ilapi BHOWpanacs eKclepuMaHTalbHO B Aiana3zoHi Big 2 go 11. Yucno IIIHM B
KOMITET1 JIOPIBHIOE KIJTBKOCTI PO3pPaXxOBaHHUX 3a JOMOMOTOIO JaTa-MalHIHTY TMapameTpiB (5- sKIo
KPII He mepeBo3uB Ha co0i BaHTaxy, Ta 6 — 3 BaHTaxeM). O6’egnanns IIIHM B komirer
3niiicHIOBaM 3a monomororo tf.keras.layers.concatenate.
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Kowmiter [IIHM HaBuaBcs 3a AOMOMOTOI0 METOJY 3BOPOTHOTO TOIIMPEHHS 3 TPaJi€HTHUM
CIIyCKOM SIKH# € noBouii yaco3aTpaTHuM. HaBuanus suiticaroBanu Ha [1K: Intel(R) Core(TM) i7-
5500U CPU 2.40 GHz; 16.0 GB of installed RAM; a 64-bit operating system, and an x64-based
processor. 5204 ompalbBOHHUX 3a JIOTIOMOTOIO 3alpOIOHOBAHOTO METOAY JaHa-MalHIHTY
BUKOpUCTANU NIl HaB4aHHA Ta TectyBaHHS LIIHM. Ilepmri 5052 BubGipok Oynu BHKOpUCTaHI AJIs
HABYAHHS MOJENi, a pemra 152 - 1 OmiHKK TOYHOCTI mependavyeHHs mooyaoBanoi mojaeni. Jlms
HaBuanHs [IIHM Gyno Bukopuctano Keras - 610110TeKy HEHPOHHHX MEPEX 3 BIIKPUTHUM BUX1THUM
K0/10M, 110 npamtoe Ha Ten-sorFlow. Jlst BXigHOTO Ta BUXiTHOTO IIapiB OyJI0 BUKOPUCTAHO JHINHY
GyHKIiIO aKTHBaIii, a maua npuxoBaHoro Imapy - ¢yskmito ReLU. Amaroputm adam
BUKOPHCTOBYBABCSI SIK ONITUMI3aTOP 3 CEPEIHBOI0 a0COIIOTHOIO BiJICOTKOBOIO moxuokoro (MAPE) B
skocTi Mipu. s ominku moxeni Oyno Bukopuctano ¢yHkimito "evaluate". KomiteT Helipomepex
HaBYaJIM Ta TECTYBAJM B IBOX pexuMax TWI1 — 3 mepeHaB4aHHSM Ha KOXXHOMY Kporui Ta TW2 —
MIPOTHO3YBAHHSIM METOJIOM «YaCOBUX BIKOH» (IIMpHHA BikHA 12).

UYac naBuanns komitery [IIHM tpusas Big 0,4 xB 10 1,96 xB. [IIBHIKICTH 0OYUCIICHh MOKHA
MiJBUIINTHA, BHUKOPUCTOBYIOUM TaKi METOIH, SK MiHI-IAKeTyBaHHS Ta OJHOYacHe OOYHMCIIEHHS
rpajgieHTa Ha JEKUIbKOX HaBYAJbHUX MPUKIANAX, a TAaKOXK Ha JCKUIBKOX IEePCOHATBHIX
KOMIT 10Tepax o0enqnanux B kiaactep. Ha Puc.3. nepencraBienuii pe3yabTaT MpOrHo3y 3ajJHIIKOBOTO
3apsay akyMylsaTOpHOI Oarapei kepoBaHOi POOOTOTEXHIUHOI IIATPOPMU TICIS MOCIITOBHOTO
MPOXO/KEHHS 21 cerMeHry.

Start segment voltage

42500

42490

42480

42470

42460

42450

——— Mesuared data test
——— Predicted TW1
—— Predicted TW2
—— Statistical voltage

42440

Start segment voltage value

42430
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Puc.3. Pe3ynprar mporHo3y 3aJIMIIKOBOTO 3apsiay aKyMyJISITOPHOI OaTapei KepoBaHOi
POOOTOTEXHIUHOT MIATHOPMU MICIIs MOCIITOBHOTO MPOXOHKEHHS 21 cerMeHTy

TouHiCTP TPOTHO3Y OIIHIOBaIHM 3a Aonomorow mnoxubok MAPE (cepennio aOGcomoTHy
noxuOKy BuUpaxkeHy Yy Biacotkax) Ta RMS (cepennto kBagpatuuHy moxuOky). Iloxubxu
pospaxoByBaiu ans komitery IIIHM siki mpamroBanu B pexumax TWI1 ta TW2, a takox stat
(CTaTUCTUYHO  pO3pAaXOBaHMX CEpeAHIX 3HAa4YeHb B KOXHOMY CermMeHTti). Pesynbratn
JIOBFOCTPOKOBOI'O IPOTHO3Y AJ1s 21 cerMeHTy IpecTaBieHl Ha puc 4.

MAPE (ANN:TW1) % 0.014653
RMS (ANN:TW1) % 0.003573
MAPE (ANN:TW2) % 0.01867
RMS (ANN:TW2) % 0.004514

MAPE (stat) % 0.032447
RMS (stat) % 0.003573
Puc.4. TouHiCTh JOBroT€pMaHOBOI'O MPOTHO3Y 3apaay akymyisaropHoi 6arapei KPII
Formica 1 ayst 21 cermenty

Po3poGnenunii MeTon AaTta-MalHIHTY y HeHpOMEpEKeBOMY IMPOTHO3YBaHHI 3aJUIIKOBOTO
3apsny akymynsitopHoi Oarapei KPIT Formica 1 moka3aB eeKTHUBHICTH 1 A 1HIIOT KUIBKOCTI
cerMeHTiB. KOpOTKOCTPOKOBMM MPOTHO30M BBaKAJIM MPOTHO3 ISl KIJTBKOCTI CerMeHTIB Bix 1 10 7,
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cepennpoTepMiHoBUM Bim 8 10 14. KOpOTKOCTpOKOBWIA MPOTHO3 IS CEMH CETMEHTIB 1
CEPEeTHBOCTPOKOBHM TMPOTHO3 i JeB'sTH cermMeHTiB craHoBuB 0,09% 1 0,18% BiamosigHO, a
HaWgoOBIIMI 4Yac HaBuaHHA - 1,96 xB. TakuM YHMHOM BIJTHOCHO IIOMEPAHIX HEUPOMEPEKEBHUX
MPOTHO31B 0€3 PO3pobdICHOr0 METO/I1 1aTa-MaiHIHTY [6, 7, 8] TOYHICTH MPOTHO3iB 3pocia 110 4 pa3iB.

BUCHOBKU
Y po0oTi mnpeAcTaBiICHO pO3pOOJECHUN METOJ JaTa-MalHIHTY Yy HEHpOMEpPEeKeBOMY
IPOTHO3YBAaHHI 3aJMIIKOBOTO 3apsay akymyssitopHoi 6atapei KPII. OcHOBHHMEU KpOKaMu SIKOTO €:
MOTIepEIHE OMPALIOBAaHHS JaHUX; YCYHEHHS BTPAU€HUX JaHUX; BIAHOBJICHHS CIIOHTAaHHUX BUKUIB;
PO3paxyHOK JOAATKOBUX MApIMETPIBIUIA KOKHOTO CErMEHTY NUIIXy. MeTox HpOoTeCTOBaHO Ha
nataceti KPIT Formica 1. [IpoBeneHi ekCiepUMEHTH TTOKa3yIOTh 3pOCTaHHS TOYHOCTI IMMPOTHO31B 710
5 pasiB, IO MATBEPKYE BUCOKY €(DEKTUBHICTD Ta TOUHICTH LIbOTO METOY.
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YK 004.89

Cmiocap B.1. (I[enmpanvuuii Haykoso-0ocaionutl incmumym 030pocHus ma Gilicokosoi mexwiku 3C
Vrpainu), Cmocaps LI (Tlonmaescokuil depocasnuil azpapnuil ynisepcumem, Ykpaina)

KITACU®IKANIA 3MMOBOTI'O TA JITHBOI'O CE30HIB 3 BOPTA BIIVIA

Anomauin: Cesonni 3minu 6 cepedosuwi ma ranowagmi eumazaroms 8io cucmem Object Detection sucoxoeo
pisHa enyukocmi ma aoanmuenocmi. Hetipomepedici, AKi He 8paxo8yomb Yi 3MIHU, MONCYMb MAMU 3HUNCEH) MOYHICMb
ma egexmusHicme y pisHUX ce30HHUX YM0Bax. Tomy GKIOUEHHA Ce30HHUX 6apiayill y MpeHy8anbHi ma mecmyeanbHi
HaboOpu OaHUX € KPUMUYHO 8aXCIUSUM OJis pO3POOKU HAOitiHUX ma egpexmusnux cucmem Object Detection. B pobomi
3anponoHO8aHO NIOXIO 01 8PAXYBAHHA CE30HHO-CNeyu@IiyHuX ymMos eusasneHHs o0 'ekmig 3 bopma BIIJIA Ha ocHogi
320pmK060I  HeuponHOl Mepedici  Kiacugixayii 306padicenv. Poboma makoi Hevpomepedci mae nepedygamu
sacmocysannto Heupomepexci YOLO, 6 kil 6i0n0BIOHO 3MIHIOIMbCA CE30HHO-3ANENCHI 6A206l KoeqhiyieHmu.
CneyianvHo cghopmosanuii damacem 003804U8 KIacuikysamu 3umosi ma nimui cyeru 3 mounicmio 97.6 %.

Abstract: Seasonal changes in the environment and landscape require a high level of flexibility and adaptability
from Object Detection systems. Neural networks that do not take these changes into account may have reduced accuracy
and effectiveness in different seasonal conditions. Therefore, including seasonal variations in training and testing data
sets is critically important for developing reliable and efficient Object Detection systems. The work proposed an approach
to account for season-specific conditions in object detection from UAVs based on a convolutional neural network for
image classification. The operation of such a neural network must precede the application of the YOLO neural network,
in which season-dependent weight coefficients are accordingly changed. A specially formed dataset allowed for the
classification of winter and summer scenes with 97.6% accuracy.

BaxiuBuM acriekToM IpH peatisaiiii Heiipomepesk BusBiaeHHs 00'extiB (Object Detection [1,
2]) € BpaxyBanHs nopu poky. Ce30HHI 3MIHU MOXYTh PaJUKaIbHO 3MIHIOBATH 30BHIIIHIA BHUIJIS
nanqmadTiB Ta cepenoBuill. Hampukiaa, B3UMKY CHIromaJ Mo)Ke HOKpUBaTH Ta AedopmyBaTu
Bi3yaJIbHI 03HAKH, 32 SKUMHU anropuT™ Heripomepexi YOLO posniznae o6'extu (puc. 1), B TO# 4ac
SIK BOCEHHM JIMCTSl MOYe 3a0apBIIOBATUCS Ta ONaaTH, 3MIHIOIOYM 30BHIIIHIA BUTIISAA I€PEB Ta 1HIIOI
pociuHHOCTI sIK (OHY uisi Bi3yasibHHX CIlieH. Ce30HHICTh CYTTEBO BIUIMBA€E Ha BI3yallbHI
XapaKTepUCTUKH 00'€KTIB 1 BHOCUTD Bapiallii, IKi MOXKYTb 3aIUTyTaTH HEHpOMEpEKi, SKIO BOHU HE
Oy HaJe)KHUM YMHOM TpeHoBaHi. Hanpukian, Bi1oOpaxeHHs CHITY Ha BYJIMISIX MOX€E BIUTMHYTH
Ha pO3Mi3HAaBaHHs HAa HUX MAlIMH, JOPOXKHIX 3HAKiB a00 1HIMX 00'ekTiB. C€30HHI 3MIHU HEMHUHYYE
BIUTMBAIOTh Ha KOJBOPU Ta TEKCTYpHU y HABKOJHUIIHBOMY CEpPEIOBHINI, IO 3HIKYE 3/IaTHICTH
ITOPUTMIB BUSIBJICHHS 00'€KTIB BiAPI3HATH 00'€KTH Bij (DOHY.

OTtxe, 111 epeKTUBHOI pOOOTH HEHPOMEPEXKI B PI3HUX CE30HHUX YMOBAX, BAKIMBO BKIIIOUATH
nuBepcudikoBaHi HAOOPH JaHMX, sIKI BpPaXOBYIOTh CE30HHI Bapiallil y Bi3yaJIbHUX XapaKTEePUCTHKaX
00'eKTIB Ta CEPEOBHUILL.

Mertoro po0GoTH € BpaxyBaHHs C€30HHOI crieli(iky Mpu BUsBIEHHI 00’ €kTiB 3 60pTa BITJIA Ha
OCHOBI TTONIEpeIHBOI KacudiKallli Ce30HHIX 3MiH 3a JOTIOMOT'OK HEHPOHHUX MEPEK 3aTOPTKOBOTO
tumy [3].

[TuTanHs Ipo Te, 4K Kpallle MaTh OKpeMi JaTaceTH JIIsl 3MMU Ta JIiTa, a00 OJMH €IMHUH JaTacerT,
110 BKJIIOYA€E CIIEHW 000X CE30HIB, 3aJIC)KUTh BiJl KOHKPETHUX LIeHd Ta OOMEXEeHb TOTO YU 1HILIOTO
npoekTy 3 BusiBlieHHS 00'ekTiB. B konTekcti BIIJIA BiamoBigHi MipKyBaHHS OOMEXYIOTbCS
HEOOXIJTHICTIO 3/IEIIEBJICHHS Ta CIPOLICHHS €JIEKTPOHHOTO CErMEHTY OOpTOBOro OO0JaJHaHHS. 3
ypaxyBaHHSIM >KOPCTKHX BUMOT JI0 BapTOCTI, Ta0ApUTIB Ta €JIEKTPOCIIOKUBAHHS OOYHMCIIOBATHLHUX
3ac00iB OKpeMi JaTaceTu JUIsd 3UMH Ta JIiTa JO3BOJIAIOTH OUTBII TOYHO HANALITYBAaTH HEUPOMEPEKY
Ha crienu(iyHl YMOBU KOXKHOTO ce30Hy. Lle Moke OyTH KOpUCHO B MepioJl MI>KCE30HHUX KOJIMBaHb
MOTOJJTHUX YMOB a00 IpH BUPIILLICHH] 3aBJJaHb 3 BEJIMKOIO TAIBHICTIO MOJIbOTY, Koyin MapipyT BITJIA
NEepEeTHHAE KIJbKa PI3HUX KIIMaTUYHO-TeorpadidyHUX 30H.

Oxpemi garaceTd Al pi3HUX CE30HIB MOXKYTh JO3BOJIUTH €()EKTHUBHIIIE BUKOPUCTOBYBATU
JIOCTYIIHI PECYPCH, 30CEPEDKYIOUMCh Ha HaWOIIBIN PEIEBAaHTHUX CIIEHAX 32 YMOBU OOMEXKEHUX
pecypciB A1l TpEHYBaHHS.
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Puc. 1. CHir Ha OBEpXHI IPYyHTY

Jst Toro, mo0 Helipomepeski Object Detection MOriu HaAiifHO TPAIIOBATH B YCIX CE30HAX,
HEO0OX1JJHO 3pOOUTH TaK, 11100 BOHU MOIJIM AN TyBaTUC 10 IIUX 3MiH. CTBOPEHHS CE30HHOI0 Habopy
JAaHUX € OJHHM i3 KIFOUOBHMX €TaliB y MiABUINCHHI edekTuBHOCTI cucteM Object Detection. Ileit
IpoIiec BKIIIOYA€E KiJbKa KPOKIB.

1) Po3pobka Metozmonorii 300py Ta aHOTAIlii CE30HHUX 300pakeHb I CTBOPEHHS
IpeJCcTaBHUIIbKOro Habopy nanux. Ilepea moyarkom 300py 1aHMX HEOOX1THO BU3HAUUTH, SIKi CE30HU
1 TOTOJTHI YMOBH IIPECTABISITUMYTh HAHOUTBIININ 1HTEpEC IS MOJAIBIIOr0 aHaJIi3y 1 BUKOPUCTAHHS.
Hanpuknan, ans arpapHoro ceKTopy BaXJIMBUMM OyIyTh 300pa’ke€HHsI MOCIBIB y Pi3HI mepioau ix
pocTy Ta 300py BpOKaro, B TOH Yac SK Uil MiCbKOT iHQPacTpyKTypu MOKe OyTH KOPUCHUM aHali3
CTaHy JOpir y 3UMOBHil nepioa. 36ip 300pakeHb MOXKe Bi10yBaTHCS depe3 pi3HOMAaHITHI JuKepena:
CYIyTHUKOBI 3HIMKH, a¢poOTO3HIMAHHS, 3HIMKU 3 OCCHIJIOTHUX JITATFHUX anapariB abo Ha3eMHi
dororpagii. [ns 3abe3neueHHs pi3HOMAHITHOCTI HaOOpy [aHMX, 300pakKeHHs MHOBHMHHI OyTH
OTPHIMaHI B pi3HI YacoBi Mepioad i 3a pi3HMUX morogHux ymoB. Koxkne 3i0paHe 300paskeHHS
HEOOXIJTHO aHOTYBaTH, IO BKJIIOYaE B cebe BIAMITKY OO0'€KTiB, SKi MOBUHHI OyTH pO3Mi3HaHI
cuctemoro Object Detection. AHOTariss Moxxe OyTH pydHOIO a00 HaIiBaBTOMAaTHYHOIO 3
BUKOPUCTAHHSAM IOINEPEIHHO HABUEHUX MOJENeH /s MiJIBUIIEHHS eQeKTUBHOCTI npouecy. [licas
aHOTAaIlii TIPOBOJUTHLCS TEPEBipKa HA TIOMUJIKU 1 HeTOYHOCTI. [lel KpoK Ba)KJIMBHA, OCKUTBKH BiJ
SIKOCTI aHOTalli 6e31mocepeHbO 3aNEXKUTh AKICTh HaBUAHHS HEHPOHHOI Mepexi. [l miBUIeHHS
y3araJbHIOI0YO0] CIIPOMOYKHOCTI MOJETIe pO3Ii3HaBaHHS 00'€KTiB BHKOPHCTOBYIOTH PO3IIMPEHHS
JTaHUX.

2) BukopucraHHsS PO3NIMPCHUX TEXHIK IMepeoOpoOKH Ta ayrMeHTallii 300paKeHb [Uis
HiBUILIEHHSA 1X PI3HOMaHITHOCTI Ta sikocTi. Lle Moke BKiIO4aTH 3MiHYy MacmTaly 300pakeHb,
oOepTaHHs, 3MIHA OCBITJICHHS Ta KOJIPHOI TraMu, IO JIOIIOMarae MoJeil Kpalie aJanTyBaTHCs 0
PI3HOMaHITHUX yMOB. J[JIsl po3IIMpeHHs AaraceTy Ta Horo 30alaHCyBaHHS MO KJiacax JAOIIBHO
BUKOPHCTOBYBaTH HelpoMmepeki reHeparii 3o0paxkenr tumy DALL-E3, Midjourney, Stable
Diffusion XL roruo. ITepen BUKOpUCTaHHIM HAO0OPY TaHUX y HABYAHHI MOJIENIEil BUKOHYETHCS HOTO
Bastiaiisa. Bona Mojke BKITIFOUaTH aHaIi3 pO3MOUTY KJIaciB, IEPEeBIpPKy Ha 30aTaHCOBAHICTh IAHUX Ta
BUSIBJICHHSI MOYJIMBUX BUKH/IIB.

Ha ocHOBI mpoBeIeHUX TOCIIKEHb B pOOOTI BU3HAYEHO CTPYKTYPY CE30HHO-CIENU(DITHOTO
CerMeHTy 0araTopiBHEBOI apXiTEKTypHd HEWPOHHOI Mepexi kiacudikaiii 300pakeHb MiCIIEBOCTI.
Bona mictute nBa Onoku. Ilepmmit 610K MPOBOIUTE KIACU(IKAIIIO CE30HY, NPEJICTABICHOMY Ha
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300pakeHH]. B 3aiexHOCTI Bi pe3yabTaTy Kiacudikaiii, y Apyromy 01011 aKTHBYETHCS BIATOBITHA
JI0 CE30Hy MOJIeNIb HEHPOHHOT Mepeki abo 3aBaHTaXyeThcs crnenudiuHuii 111 Hel MacHB BaroBHX
Koeili€HTIB 32 OCHOBHUM 3aBAaHHSIM, HAPUKJIIa, peanizaiis aproniioty, Object Detection, Object
Tracking ta in. Takuii miaxin J03BOJISIE 3HU3UTH BUMOTH JI0 O0YHCITIOBAIbHUX MOTYXHOCTeH Edge
Computing, 36epiratoun npoaykTuBHicTh mpoekTiB Edge Computing + AI Computer Vision. Ilpu
[bOMY, HEOOX1HO BUOPATH apXiTEKTypy CEIEKTUBHOI HEHpOMepexKi T peati3alii nepiioro 0JIoKy.

dopMyBaHHS 1aTaceTy JIJIs HABYaHHS HelpoMepeki kKinacudikaliii ce30H1B 3A1CHIOBANIOCH Ha
OCHOBI TIEPCOHATBLHOTO (DOTOAPXiBY, OTPUMAHOTO IIiJI Yac TMOJBOTIB aBiapelicaMu pi3HHUX
€BPOMNEHCHKUX MapuIpyTiB. JlaTaceT MicTUTH 300pa)keHHsI IBOX KJIACiB: MOBEPXHS 3eMIIl 31 CHITOM
(ximac SNOW) — 154 1ur. Ta 6e3 Hporo (kirac NOT_SNOW) — 196 mur. 300paxkeHHs: poOMIUCH 3 60pTY
MaCXKUPCHKUX JITAKIB MEPEBAXKHO HA €Talax 3JIETy Ta 3aX0/1y Ha IMOCaJIKy Ha BUCOTaxX J10 5 kM. [Ipu
IbOMY Ha BIANOBIAHMUX CHEHAX MpPEACTaBJICHI JIiCHA Ta TOpPHCTa MiICLEBICTh, MIChKi 3a0y/OBH,
CLIbCHKOTOCIOAPChKI YT, 00’ €KTH MPOMUCIOBOI Ta TPAHCIOPTHOI 1H(PACTPYKTYpH, PIUKU Ta
o3epa. Bech cykymnHumii garacet OyB po3aiieHuit y mpomnopiiii 70 % — Ha HaBYaibHY BHOIPKY (pHcC. 2)
ta 30 % — Ha nepesipouny (SNOW — 47 wr. i NOT_SNOW — 59 wit.). TecroBa Bubipka mictuiia 27
300pakeHb, 10 HE MEPETUHAINCS 3 HABYAILHOIO Ta IMIEPEBIPOYHOI0 BUOIpKaMH.

Puc. 2. Ctpykrypa HaBuasbHOI BUOIpKH JaTaceTy

Jnsa knacudikairii 300paskeHb Ha OCHOBI c(hOpMOBAHOTO JaTaceTy Oyyio oOpaHO apXiTEKTypy
3 BUKOpUCTaHHsIM HeiiponHoi Mepesxi MobileNetV2 [4], monepennbo HaBuenoi Ha naraceri ImageNet
[5 - 7]. B poGoTi posrnsmaeThes apXiTekTypa, 1o HaBeleHa Ha puc. 3. Bona mictuth = 2,4x10°
napameTpiB (puc. 4).

dparMeHT m1abnoHy Koay Ha MoBi Python, 1o onucye 3a3naueHy apXiTeKTypy, Mae BUIIISL:

from tensorflow.keras.layers import Input

from tenscorflow.keras.layers import BatchNormalization

from tensorflow.keras.applications.mobilenet v2 import MobileNetVv2
from tensorflow.keras.layers import Dense

from tensorflow.keras.models import Model

input 1 = Input (shape=(180, 240, 3), name='1l")

X 3 = BatchNormalization(axis=-1, momentum=0.99, epsilon=0.001, center=True,
scale=True, beta_initializer='zeros', gamma_initializer='ones',

moving mean initializer='zeros', moving variance initializer='ones',
beta_regularizer='ll 12', gamma regularizer='ll 12', beta constraint='min max norm',
gamma_constraint='min_max_norm', name='BatchNormalization 3') (input_1)

x_le = MokileNetV2 (include_ top=False, weights='imagenet', pocling='avg', classes=1000,
classifier activation='softmax', alpha=1.0)
for layer in x lé.layers:
layer.trainable = False
x 16 = x 16(x_3)
Jlnst maHoi Mojeni BHKOHYBAJIAach MIATOTOBKAa 300pakeHb JAaTaceTy IUIAXOM 3MIHHM iX
po3mipiB 1o BenuunHu 240x180 mikceniB, a Takok onTHMi3alis rinepnaparmepiB. Crioyatky OyB

BuOpanuii po3mip 6aruy 32 1 kpok HaBuaHHs 0,001. OmHaK pW BKa3aHUX 3HAYCHHSX TMapaMeTpiB
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HaBUaHHS CITOCTepiraBcsi Tak 3BaHMi edexT mepeHaBuanHs micas 40 emox. Tomy nmns maHoi
KOMOIHAIIIT HaJIaIITyBaHb NPOIECY HABYAHHSI IOBEJIOCH OOMEXKHUTHUCH CaMe TaKOK KITBKICTIO €TOX.

1) Input:
180,240,3

Y
3) BatchNormalizatio...

Y
16) MobileNetV2: Lay...

imagenet avg

Y

5) Dense: Layer 5
120 relu

Y

6) Dense: Layer 6
80 relu

Y

Puc. 3. ApxiTekTypa HelpOoHHOI Mepeski Ha ocHoBI MobileNetV2.

Model: "model 1"

Layer (type) Output Shape Param #

1 (InputLayer) [ (None, 180, 240, 3)] 0

hNormalization_ 3 (Batch (None, 180, 240, 3)

mobilenetv2 1.00 224 (Funct (None, 1280) 2257984
ional)

MobileNetV2 16 (Activation) (None, 1280) 0
Dense 5 (Dense) (None, 120) 153720
Dense 6 (Dense) {None, 80) 9680

2 (Dense) (None, 2) 162

Total params
Trainable ¢ 2
Non-trainable params:

Puc. 4. Xapakrepuctuka Moieni Helipomepeki Ha ocHoBi MobileNetV2

B pesynbpraTi HaByaHHs Oyino 3adikCOBaHO TOUHICTh Kiacuikallii JITHROTO Ta 3UMOBOTO
CEe30HIB Ha HaBuanbHil BubOipui 99,3 %, a Ha nepeBipouHiit — 89,2 % (puc. 5). I'padix momunku
HaBYaHHS HaBeJIeHWH Ha puc. 6 (kpammid pe3ynpraT Ha HaByanbpHi BuOipmi — 0,0115, nHa
nepesipouniii — 0,55). @parmeHT Bi3yamizamii pe3ynipTariB Kiacudikaimii mo TecToBid BUOIpIi
HaBEJICHU Ha puC. 7.

Hactynuum eranmom Oyna 3MiHa po3mipy 6arda g0 8 Ta KpOKy HaBYaHHS — JI0 BEJIMYMHU
0,0001. 3meHIIeHHS 6aT4y MO3BOJIMIO 3HU3UTH HABAaHTAXXCHHS Ha amapaTHUil cerMeHT (puc. 8) Ta
oTpuMartu eeKTUBHICTB 3a mokazHukoMm TouHocTi Balanced Recall na piBui 100 % s HaBuaneHOT
1 93,2 % - na mepeBipouniii BuOipkax (puc. 9). [lommiaka HaBuaHHS Ha TMEpeBipoYHiil BUOOPII
cranoBmia 0,0227 (puc. 10).
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Balanced

Recall
100 y \
90| | HasuanbHa Bubipka

70

10 20

Puc.5. Tounicts Helipomepexi Ha ocHOBI MobileNetV2

Momwunka
HaBYaHHA
£

MepesipoyHa Bubipka

30

HasuyanbHa subipka

0 -

MepesipouHa Bubipka

Kinbkictb
enox

Kinbkictb

<0

Puc.6. [Tomnnka HaBuaHHSA

enox

Buxiani aani | Crpasxne snauenns | Cratucrnka npuknais, %
Buxignuii wap

Knac Knac NOT_SNOW SNOW
SNOW SNOW 0 100
SNOW SNOW 0 100
SNOW SNOW 0 100
SNOW SNOW 0 100
SNOW NOT_SNOW 0 100
NOT_SNOW SNOW 1.6 98,4
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Puc. 7. ®parmenT Bizyamizanii pe3ynpTaTiB Kiacudikarii
GPU

A100-SXM4-40GB
77.00% ( 38.98GB / 39.59GB)

RAM

6.80% ( 12.42GB / 83.48GB)

Disk

20.50% ( 34.17GB / 166.77GB)

Puc. 8. HaBantaxenHns Ha ooumciroBaibae cepenopuiie Google Colab mpu po3wmipi OaTuy

8.
Balanced
Recall
100 \
HaBuanbHa BubipKa A ——
= /_/—"/—
/
,_/I//
( /// \\\\
//// MNepesipoyHa Bubipka
/0 =
/
/

KinbKictb
enox

Puc. 9. EdextuBHicTh Heiipomepeski Ha ocHOBI MobileNetV?2 (6at4 8).

MNomunka
HaBYaHHA

0.8

MNepesipoyHa BUbipKa
Dr \\
1)
\\\
=R !
—
0.7 HaBuanbHa BubipKa =, ,
O - .
KinbKicTb
10 20 30 40 €nox

Puc. 10. ITomunka HaB4aHHS Tpu OaTyi 8.
Marpuist nomuiiok HaseneHa Ha puc. 11. Ilpuknan po6oTu mMepexi HaBeAeHO Ha puc. 12.
BpaxoByroui nosezinky Balanced Recall, MmosxinBo 30iIbIIMTH KiJIBKICTh €MOX HABYAHHS 3 METOIO

HiJIBUIIEHHS TOYHOCTI Kiacudikaiii. [Tomameimi mocmimpkeHHs ao3Bonmuian orpumatu Balanced
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Recall = 96,2 % npwu kinbkocti enox 75 (puc. 13), moMuiika HaBYaHHS HA MEPEBIPOYHiA BUOOPII
cranoBuia 0,1 (puc. 14).

52 7

NOT_SNOW | gg 10z 11.9%

2 45
4.3% 95.7%

=
T
-
Q
T
m
k4
n
o
k4
7]
15
=

NOT_SNOW SNOW

Mporxos

Puc. 11. Marpuiist mOMHIOK

NOT_SNOW

NOT_SNOW

NOT_SNOW

Puc. 12. Ilpuknan pobotu Mepexi
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Recall
100 '
’_'—_/\—’—\—
. v
HasuanbHa Bubipka
80
60 : — MNepesipo4Ha BMbipka
[l
{ e 2
Kinbkictb

) 20 40 &0

ernox

Puc. 13. Tounicts Helipomepexi kiacudikamii mpu 75 emoxax HaBYaHHSI.
Momunka

HaB4YaHHA

' ‘ MepesipoyHa BMbipKa

/ : V\\\
Kinbkictb

20 40 a4 enox

Puc.14. ITlomunka HaBYaHHSA

ITpoBeneHi 1ociIKeHHs CBiAYaTh PO MOKIMUBICTh BUKOpHcTaHHS MobileNetV2 sik ocHOBH
JUISL CTBOPEHHS CE€30HHO-CHEU(IYHOrO CErMEHTY 0araropiBHEBOi apXITEKTypH HEWPOHHOI Mepexi
kiacudikaiiii 300pakeHb MICIIEBOCTI.

Bubip Mix OKpeMHMH CE€30HHMMH JaTaceTaMH Ta €JUHUM JaTaceToM, IO BKJIIOYaE OO0HMIBa
CE30HM, 3aJEKUTh BiJ cnenudiku 3agadi Ta IOCTYNHHUX pecypciB. Skmio cucrema mae OyTu
e(EeKTUBHOIO B PI3HUX CE30HHHUX YMOBaX Ta Ma€ MOXXJIHMBICTb OOpOOJATH BeIMKI 00'€eMHU JTaHMX,
€IMHUM J1aTaceT 3 pI3HOMaHITHUMH CLIeHaMH Moske OyTH KpamiuM BapianToM. [IpoTe, sikio notpibHa
BUCOKa crienianizaiis abo oOMexeHi pecypcu, OKpeMi 1aTaceTd MOKYThb OyTH OLIbII TOLIIbHUMHU.
[Tonanpuii AOCHIIKEHHS JOIUIBHO MPOBECTH JJS IHIIUX MONEpPeAHbOHABYCHUX AapXITEKTYyp
HelpoMepek, 30kpema Xception [7, 8], Inception [9] ta iH.
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