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KoBaneBcbkuii C.B. (/Jonbacvka Oepoicasna mawunobyoigua axaoemis, m. Kpamamopcok-
Tepnoninw, Ykpaina)

XX1I MIZKHAPOJHA HAYKOBA KOH®EPEHIIISA «<HEMPOMEPEXHI TEXHOJIOI'TI
TA IX 3BACTOCYBAHHS - HMTI3-2023».

Ueprosa aBamusath aApyra MikHapogHa HAyKOBO-TEXHIYHA KOH(EPEHIIis
«Hetipomeperxni TexHoor1i Ta iX 3actocyBanHs HMT3-2023» nmpoxoauTs y CKIaTHuX
yMOBax arpecii pocii, sika po3B's3ajia IpOTH HAIIOi KpaiHU HIYUM HE CIIPOBOKOBAHY,
KOPCTOKY, BapBapChKy, 3arapOHMIIbKY BiliHy. Bopor moctaBuB 3a MeTy 3HUIICHHS
VYkpainu, 11 IHTENEKTy, KyJIbTypH, iAeHTHYHOCTi. Hapon VkpaiHu MyXHBO
IPOTUCTOITh IMIEPCHKUM IUTaHaM 3arapOHHUKa 1 pOOUTH yce, 00 BUCTOATH Y LIbOMY
npoTUCTOSIHHI. | MM BiAYyBaeMO BeNWYE3HY MIATPUMKY Ta JOMOMOTY BCHOIO
JEMOKPAaTUYHOIO  CBITY, SIKHUH BUPI3HSIETHCS BHUCOKMMH  MOpaJbHUMH  Ta
1HTENIEKTYaIbHUMU SIKOCTSIMHU.

[lepen BITYM3HSHOIO HAYKOIO CTOSITh 3aBAAHHS, BUPIIICHHS SIKUX € KUTTEBO
BOXJIMBUM 3 ypaxyBaHHSM BUKIIMKIB, aHAJOTIB SIKUM Y CBiTI HeMae. HeobOximHo
BUPIIIYBaTH 3aBAaHHs 0€3110CEpEAHbO MOB'A3aH1 3 BUKOPUCTAHHAM BKpail 0OMEXEHUX
pecypciB y HaiikopoTini TepMinu. [IpudomMy 111 pilieHHS MaloTh OyTH ONTUMATBLHUMU
y KOXXHUI MOMEHT 4acy Ta y JOBIOCTPOKOBIM MEPCIEKTHBI. A TE€XHIYHI, EKOHOMIYHI,
OpraHizamiifHi 3axo[u, W0 BXXMBAIOTHCA, NOKJIMKaHI Oe3nepepBHO (OpMYBATH
COIIIAJIbHO-EKOHOMIYHE CEPEIOBHUIIE, B SKOMY TapMOHIMHO 1 6€3MEYHO PO3BUBAETHCS
SK CYCIIUJICTBO B LIJTIOMY, TaK 1 KO>KHA JIFOJMHA.

CporosiHi 00'€IHaHHIO THCTPYMEHTAPIIO NOCHIKEHHS Ta MOOYyIOBU TTHMOOKO
KOMIT'FOTEPU30BAHOIO CEPEIOBUIIA 3 METOI OaraTOKpUTEPIaIbHOT ONTHUMI3allii
CIPUSIOTH PO3POOKH B Tally31 MEPCIEKTUBHUX 3aC001B MOJICIIFOBAHHS PI3HUX 00'€KTIB
Ta MPOLECIB 13 BUCOKUM CTYNEHEM 1IeHTU(DIKaLll] TAKUX MOJENIEeH peasbHOro cBiTy. 1o
TaKUX 3aC001B y MEPIITy Yepry MOKHA BITHECTH HEMPOMEPEIKHI TEXHOJIOTII SIK TTPOLIecH
1meHTudikarii HeHpoMepeKHUX MOJCIEH, 110 HAOIMKaI0Th, 10 IPOIECIB CHCTEMHOT
B3a€MO/IIi )KMBOI Ta HEXKUBOT MPUPOIN HA OCHOBI IHTEJIEKTYaIbHUX OOYUCIIECHbD.

VY 3B'3Ky 3 BUKIAQJCHUM IPUPOTHUM PO3BUTKOM CHCTEMHOTO MOJETIOBAHHS €
PO3p00OKH y chepi pO3BUTKY IITYYHOTO IHTEIICKTY K HAWBUIIOTO PiBHS MOJICITIOBAHHS
JOBKULJISL Ta ONTHUMAJIBHOTO YHOpPaBMiHHS Her. [Ipu 1boMy OCBIiJ 3aCTOCYBaHHS
HEHPOMEPEKHIX TEXHOJIOTIM /I BUPIMICHHS PI3HOTO KOJIA MPAKTUYHUX 3aBlIaHb
CHpPHSIE PO3YMIHHIO Ta CIIYXHUTh MOAAIBIIOMY PO3BUTKY HAYKOMICTKHUX 3ac0O01B Ta
METO/IIB MTOOYI0BH CEPEIOBUIIA OE3MEUHOT KUTTEAISIIBHOCTI KOKHOI JTIOJIUHU OKPEMO
Ta BCHOT'O CYCILIbCTBA 3arajoM.

Ueproa nBamisaTh npyra HayKoBoO-TexHIYHa KoH(pepenis «HeipomepexHi
TEXHOJIOT1i Ta ix 3actocyBanHs HMT3-2022)» Takox CIIpUsSTAME 1M TIepepaxoBaHUM
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 docniooxcenns npedcmasise Hosutl nioxio nio nazeoio MVTSI (6aecamomipna imnymayis uacosux
PA0IB), AKUL BUKOPUCTHOBYE MOOENi HA OCHOBI HEUPOHHUX Mepedic 05l 600CKOHANEHOI iMnymayii 6iOCYmHix Oanux y
yacogux paoax euepeii. 3anponoHo8anull Memoo BKIUAE 8 cebe Mepexci 00820CMPOKOB8OI KOPOMKOUACHOT nam’ami
(LSTM) 051 suguenmst uacogux 3aneicHocmeil i 3aX0NLEHHI MINCGUMIPHUX Kopeasyil y bazamosumiprux danux. Iepuuil
eman 30cepeddxceHull Ha 8U8UEeHHI PO3NOOILY BIOCYMHIX 3HAYEHb, WO 00360JIA€ 2eHePY8amu CUnmemuyHi oani. 32000m
HeUpoHHa Mepedica Ha OCHOGI y8azu OYiHIOE PaKmuyHi 8i0CYmHui 3HAUeH s, WO 003601A€ 0OHOYACHO BPAXOBYBAMU YACOBY
Ma MIHCBUMIPHY OUHAMIKY. 3acmocosyiouu €6ponelicbKi enepeemuyni 0ani 3 niamgpopmu npozopocmi ENTSO-E, MVTSI
nepegepuiye emaioHHi Memoou, 0eMOHCMPYIOYU C8010 eheKMUBHICMb Y NOKPAUWJeHH] aHANi3y 4acosux psoie euepeii.
Jlocnidoicenns niokpecnioe KuoY08y pOb HEUPOHHUX Mepedc V BOOCKOHANeHHI Memooie imnymayii, cnpusioyu
cmeopenHIo Oibul MOYHUX | A0ANOBAHUX MOOeNell eHepLeMUUHUX CUCTHEM.

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, MV TSI
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.
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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 (GNNSs) 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.

Anomauia: ye docniodcents 3a2nubI0EMuCs 8 cepy modentosants obuucmosanvroi eiopoounamiku (CFD),
niokpecoouu gupiwansiy poas pagosux netiponnux mepesxc (GNN) y é0ockonanenni aepodunamivnux npoenosis ons
CYUAcH020 OU3AUHY Aimakis. JJocniodicenHs npoxooums yepe3 SUKIUKU, NO8 SA3AHI 3 MOOENI08AHHAM 8UCOKOI MOYHOCHII,
3axuwaiouu epexmueHi cypoeamui memoou. Memooonoeii, 8KIIOUHO 3 NPAGUNLHUM OPHOSOHATLHUM POIKAAOAHHAM
(POD) i 6azamowaposum nepyenmponom, pozoupaiomvcs pazom iz nionepcokum nioxooom GNN. Tecmosi eunaoxu, wo
sxmouaroms aepoounamivnutl npogine NLR7301 i 3azanvry docrionuywsky mooens NASA, niokpecnioroms nomenyian
GNN y nepedbauenni po3snoodiny nogepxneeo20 mMucky 3a pisHumu poboyumu napamempamu. Ompumani pe3yibmamu
00noMazaoms 3po3ymMimu OANAHC MIdC MOYHICNIO MA OOYUCTIOBATLHOIO eeKMmUHICIIO, NPOKAAOAIOYU WAAX 00
mpancopmayiino2o eniuy Ha pobodi npoyecu NPOeKmy8anHs IiMaKis.

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 (GNNS), 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

13



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.

Anomauia: Lle docniodxcenns 3acmocogye mexHonozii HeUpoHHUX Mepedic ONid AHANI3y Ma NPOSHO3YEAHMH
ACNeKmi8 mypusmy, 30Cepeddicyiouucs Ha coyianbhux media, ocobnueo TWItter, dns ananizy nacmpois. Bukopucmogyiouu
aneopummu enubokoeo nasyauus, exmouarouu RNN, TCN i TFT, OocnidoicenHs oyiHIOE HACMpOi ma npocHO3YE
penymayiro. JJoCriOHNCeH s MaKodiC BUBYAE NPOSHO3YBAHHSA KIIbKOCMI 8i08i0y8auis, paxogyroyu maki memoou, sk RF,
XGBoost, TCN i TFT. Axyenm pobumvcs HA AHANIZI NPUYUHHO-HACTIOKOBUX 38 S13Ki68 3a OONOMO20I0 HAGUAHHA 3
RIOKPINAEHHAM I A120pUMMi6 NPUYUHHO-HACAIOKO8020 HABYAHHA. 38epmaroyuct 00 PISHOMAHIMHUX Odicepen OAHUX,
00CHi0HCeH s NIOKPeCIIoE eeKmuUHicmb eIUbOK020 HABUANHS 8 MYTLIMUMOOANLHOMY AHANI3I meKcmy, 306padcelb ma
iHwol inpopmayii 6 ynpaeninui mypusmom. BucHoeok niokpecnioe 6HecoK pisHUX mMemooié 2IubOK020 HABYAHHS 6
iHHOBAYIUMI MEXHON02T] YNPAGLIHHA MYPUSMOM, NPONOHYIOUU 6A2amMOO0OIYsIOYUll WAAX Ol AHANIZY Ma ONMUMI3ayii
HANPsAMKIB.

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
(RNNSs), 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 oocniodxcents docaioxcye inmezpayiro wimyynozo inmenexmy (L) ¢ Inoycmpiro 4.0, cnpamosany
Ha 3HUICEHH 8UMpAm, YAPABLIHHA pecypcamu ma AKicms eupooHuymed. J[ocniodcenHs IPYHMYyEmMbCsa Ha NPUHYUNAX
Industry 4.0, axi niokpecaioms poib WNYYHO20 IHMeENeKmY 8 00CAZHEeHHI npomuciosux yineu. Mawunne naguanms
donomazae 6 aHanizi OAHUX, CAPUSIOUU eeKMUSHOMY eupiuenHio npobdrem. OnumyeanHs Klacugikye nioxoou,
iHcmpymenmu ma GUKIUKU WIMYYHO20 [HMENeKmy, HAOaoyu pO3VMIHHA IX GNAUSY HA COYIANbHI Ma eKOHOMIYHI
mexnonozii. Hesgaxcaiouu na obmedcents, 00CNIONCeHHs NPONOHYE NOBHY MAKCOHOMIIO, CHPUAIOYU NOOANLULOMY
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

19



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.

Anomayia: YV yvomy oOocniodxcenni npedcmasneno HHOBAYIUHUU NIOXIi0 00 pO3POOKU HEUPOHHUX Mepedic,
3ACHOBAHUL HA AHANI3 MOYOK NepecuHy, wo demomMamu3ye GUOIp MIHIMANIbHO HeoOXIOHUX HelpoHis. Memodonozis
0eMOHCMPYE A0ANMUBHICMb 00 PISHOMAHIMHUX CKAAOHUX CUCmeM, NOM SKULYIOUU HAOMIPpHE OCHAWeHHs 6e3 000amKo80i
peeyaapizayii. Iliokpecnioouu 3menuienns wymy 6 OaHux, po3poodrena Heupouna mepeixca Oi€ AK Qinomp, wo €
nepesazoio 0Jisl peanbHux 000amKig i3 3auymieHumu cucHaramu. [ocaiodicenus O00CHiONHCYE NPAKMUYHI HACAIOKU,
BUCBIMIOIOYY nomeHyian i0enmuikayii cucmemu ma nPONoHyOuU [oei 0as mMaubymuvol inmeepayii 6 ancamonese
HABYAHHA A00 CMPYKMypy 2nubokoi Heluponnoi mepexci. 3a2anom ys memooono2is 0eMOHCMPYE YHIBepCaTbHicmb ma
eexmusnicms y eupiuienni npobiem y po3pobyi HeupoHHUX Mepedxc i € NepCHeKmueHol0 0N NPaAKMuyHo20
BNPOBAOICEHHS 8 PIZHUX Cepax.

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.

Anomauia: [Jocniodxcenns npedcmaeisae Hogy niam@opmy onmumizayii Ha 0CHOSI enubOK020 HAGUAHHA O
2eoMempii TUCMOB020 WMAMNYBAHHA, AKA upiulye npobaemu 3 neeKicmio mpancnopmuozo 3aco6y. Iloeonyrouu
cypoeamui mooeini Ha ochogi CNN i Hes6Hi HellpOHHI npedcmagnents, niamg@opma 0036015€ 00CHIONHCY8amu OU3AUH HA
PAaHHill cmaodii 3 akyeHmom Ha 8upoOHuYl obmedcents. IIpo0eMOHCmPOBAHO HA MEMAMUYHUX OOCTIONCEHHAX 2eoMempii
Kymig i nepe2opoook, niam@opma 0eMOHCMPYE 3HAYHUL NOMEHYIAL Y SMEHUUEHHT TOKATbHO20 CIOHUIEHHS, THUM CAMUM
RIOBUWYIOUYU NPOOYKMUSHICb 8upobHuymea. Hessasicarouu Ha 0OMedcenHs, N0 A3aHi 3 NOYAMKOBUMU 2e0MEeMPULHUMIUL
obmediceHHAMY, naamgopma 8iOKpUeae wiiAxXu 01 MAUOYMHIX 00CAi0NHCeHb, NpeOCmasnanyy nepCneKmugHuULl
incmpymenm 01 NiOSUWEHHS eeKMUSHOCMI, CKOPOYeHHs Yacy Ppo3pOOKU ma CKOPOYEHHA umpam y 2any3i
WMamMny8anHs IUCMO8020 MEMATy.

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.

24



UDC: 658.52:621.9.047:681.51

K.L. Keung, C.K.M. Lee (Department of Industrial and Systems Engineering, The Hong Kong
Polytechnic University, China)

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 (CPRMFES) 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 (IoT), 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: lle Oocniodcenns 3a2nubm0eEmMbcs 6 cepy IHMeIeKmyaibHo20 GUPOOHUYMEA, O00CAIONCYIOUU
inmeepayito Cyber-Physical Robotic Mobile Fulfillment System (CPRMFS) ons 30epicanns incmpymenmie y no€OHaHHI
3 OeKintbkoma pobomamu. 3anponoHo8ana cucmema CHPAMOBAHA HA 3MEHUIEHHS JIOOCbKUX NOMULOK [ NiO8UUEeHHS
eekmusnocmi pobomu 8 IHMENEKMYANbHUX BUPOOHUUUX cepedosuwax. JJocniodcentss GUKOPUCMOBYE CYHYACHI
mexnonoeii, maki ax Cyber-Physical Production Systems (CPPS), Inmepnem peueii (IoT) i 3D-0pyk, demoncmpyrouu
aoanmusnicme CPRMFS 0o pisnomanimuux cyenapiie eupobnuymea. OCHOBHA y8aca 30cepeddicend Ha MOOent08aHHI
O0eyeHmpaniz08aHo20 NIAHYBAHHS WIAXY 3 0eKIIbKoMAa pobomamu, Hadawoyu YiHHy IHHOpMayio npo npoOyKMUEHICMb
cucmemu 6 pisHUX 8UNAOKAX i aneopummax Kiacu@ixayii. JJocnioscenns 3a6eputyemsca niOKpecienHam YIPAeiiHCbKUX
HACNIOKIB, NPAKMUYHOT 3ACMOCOBHOCI MA NOMEHYIUHUX WIISAXIE 011 MAUOYmMHIX docniodxcersb, nosuyionyouu CPRMFS
5K baeamoobiysioue piuteHHs 8 OuHamiyHomy aanouiagpmi 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
(IoT) is a burgeoning trend. Industrial 10T (110T) 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 10T, 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 (10T) 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 Fulfiliment 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.

Anomauin: J[na peanizayii nogHo2o yukiy po3pooKu Mooenei MAuUuHHO20 HABYAHHS MOJICHA 6UKOPUCTOBY8AMU
Oexinbka nioxodie. Kooicen 3 yux nioxoodié niOMpUMyEmvCs YUCIEHHUMU THEXHONO02IAMY, AKI NONe2uyroms U020
suxonants. OcHOGHUI GUKIUK, NO8'a3anuil i3 nioxodamu, maxumu ax AULOML i nooi6ui, nonseac 6 momy, wo po3poonuxu
Mooenell MAWUHHO20 HABYAHHS YACMO 3HAX00SIMbCsL 8 POOOMI 3 PISHOMAHIMHUMU KOHDIypayiamu ma pyuHumu Oiamu,
BKIIOYAIOYU BUTYYEHHS OAHUX MA PO320PMAaHHA 000amKie. 3acmocysants nioxooy MLOPS dozgonse pozoumu seco yuki
pobomu Ha emanu, KOJHCEH 3 SIKUX MOdCce OYMuU asmomamu308anuii. B pobomi 6ynu pos2ensinymi 0CHO8HI HeOOLiKU NioxXo0y
AutoML nopieusano i3 nioxooom MLOps. Aemomamusayis onepayitiHux acnekmisé 00380J5€ 6YeHUM 3 OAHUX
30Ccepedumucs GUKIIOYHO HA pPo3pobyi mMooeli, wo Npu3eo0ums K 00 NPUCKOPEHHA Nnpoyecy po3pobku, mak i 0o
NOKPAWeHHA AKOCMI MOOeNi 3a80AKU A8MOMAMU308AHOMY MOHIMOPUHSY MA 3A2aNbHill HenepepeHOCmi cucmemu, Hao
K010 mpayioe. 'Y pobomi npedcmagieno HaOIp MexHono2i, AKI NOAe2uylomb NOSHOYUKLOBY PO3POOKY Mooerel
MAWUHNHO20 HABYAHHA. [{0OAMKOBO PO32NAHYMO 3PYYHICIb iX BUKOPUCTAHHA 8 3ANEHCHOCHI 8i0 KOHKPEMHUX 3A4680aHb.
Icnye bazamo mexnonociti 015 peanizayii maxozo npoyecy, npuvomy AWS SageMaker suodinaemocs cepeo natispyuniwiux
MexXHON02il, WO NPONOHYE NOGHULL CHEKMP MOJICIUBOCMEL 8 PAMKAX 00HO20 XMAPHO20 Cepsicy - 8i0 po3pobKu 00
DO320pMAHHS.

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. Dbusiness/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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T W [Transform
"\\ //) Extract P Extract __ V" : i :
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=l Distributed Analytical
( SN Python File System(s3) Data Base
(00 ) CLI Tool (Snowflake)
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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.
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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).
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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).
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Inference
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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 CORGUOIIoN CRNG

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: YV pobomi pozensoacmscs inmezpayis inmeiexmyanibHux mexuoa02itl ynpaeninia Y eupooHuymeo,
KOHMPOJIb AKOCMI MA NAAHY8AHHS MEXHIYH020 00CTIY208Y68AHHS 8 YMOBAX 3DOCMAIOUO0 NPOMUCI060i agmomamu3ayii. Bin
RIOKpecatoe GIOCYMHICMb E€OUHUX OOCTIONCEHb V YUX 001acmsaX | NPONOHYE CMpamezito YiliCHO20 KOHMPOTO O
niosuujents egpekmusHocmi UPOOHUYMEA ma Koumpoaro akocmi. Ouikyouu nepexio 00 eHyUKuUx UPOOHUYUX CUCTeM
(FMS), ookymenm sucmynac 3a mynomuoucyunuinapry FMS, keposany podomamu. Cxnadnicmes nonseac 8 ynpasiinHi
pobomamu 3 pisHUMU HABUYKAMU, THCIPYMEHmamMu ma GUPIuLeHHi maKux npoobuem, K 3HOC IHCMPYMeHmis, CmapinHs
ma NONOMKU, WO BUMA2ae KOMOIHO8aHOI cmpameeii ynpaeninus. Lla poboma poswupioe inmezposany cmpameziio
kepysannsa Ha FMS, euxopucmosyrouu cemepocenny epagosy cmpykmypy, 2emepoceHHy epagosy HeupoHHY Mepexcy
(HGNN) i 6acamoacenmne nasuanus 3 nioxkpinienuam (MARL) ons koopounosanozo kepysanns. Buecku exmouaioms
yHiiKosane MmoOdeniosanns, azpezayiio iHopmayii 3a O0onomozorw HGNN i gopmynosanns npobiemu 6
O0eyenmpanizo8aHoMy YaCMKO80 CHOCTEPENCYBAHOMY MAPKOBCbKOMY npoyeci nputinamms piutens (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.

Anomauia: YV yoomy 0ocniodtcenti 00CaioxHcyomocs inHo8ayitini mooeni 0ns enekmpooyeosux neuei (EJII) y
BUPOOHUYMEBE CMA, NPONOHYEMbCS HOBUU NIOXIO ULISAXOM IHMe2payii mepesic 00620mpueaiol KOpomKouacHoi nam ami
(LSTM), niommnoorcunu enuboxo2o naguanns. Bupiuyrouu npobremu mpaouyiithux Memoois, O0CHONCEHHS 30CEPEONCEHO
Ha OuHamiumiti i Henepedbauygawiii Npupooi enexmpuunux 0ye, npedcmaensaiouu mepexci LSTM sk piwennus.
Buxopucmosyiouu nabopu oanux 3 pisnux emanie EAF, 3 axyenmom Ha eniue asu niaeneHHs HA AKICHb
enekmpoenepeii, 0ocniodicenns uxopucmosgye mepeoici LSTM ons cmeopenns peanizayiti cmoxacmuyHozo npoyecy, wo
Kepye 3minamu 6 Koe@iyienmax pieHanus oyeu. Inuwa mepexca LSTM imimye eucoxouacmomui CKAadosi CUSHANIE
Hanpyeu. Pesyrbmamu moodeniosants OemoHCmpyioms epekmuguicms mooenell y 8i000pajxceHHi noGediHKu oOyeu,
O0eMOHCMPYIOUY IXHIll NOMeHYIAN 051 MOOeNIO8AKHS eHepeocucmeMu. 3acmocy8ants HeupoHHux mepedic, 3okpema LSTM,
CHpOWYE npoyec MOOemNO8ants ma 3a0e3neuye YHiGepCalbHiCmb NOPIGHAHO 3 IcHylouumu memooonocismu. Lle
docnioxcenusi pobums euecok y Inoycmpito 4.0, euxopucmosyrouu nepedogi mMexHoN0zii HeupoHHOI Mepedici,
3abe3neuyrouu npo3opicms i 008ipy 6 npoyecax npuiiHamms piwensb. OCKITbKU 2any3i pyXaiomovcs 00 IHMeNeKmya 1bHUX
cucmem, 0OCHIONHCEHHs! PISHOMAHIMHUX apXIMeKmyp HeUpOHHUX Mepexc 00iyse po3yMinHs Ol ONMUMI3AYIl CKIAOHUX
npomucnosux cucmem. Lle docnioscenns o3nauae 6adciuuil KoK y 6UKOPUCHAHHI HEUPOHHUX Mepedic 01 NIOGULYEHHS
cmiukocmi, cmiukocmi ma eekmueHoCmi nPOMUCIOBUX NPOYECIS.

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 (EAFs) 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 (CNNSs) 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 (XAI) 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.

41



UDC: 621.316.925:681.532.4

Marco Forgione, Aneri Muni, Dario Piga (Dalle Molle Institute for Artificial Intelligence, IDSIA
USI-SUPSI, Lugano-Viganello, Switzerland)

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 RNNSs 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.

Anomayia: YV yvomy OoxkymeHmi npeocmagneHo nioxio 00 HABYAHHA 3 NepeHeCeHHAM OJid NiOGULEHHS.
aoanmusHocmi ma eghexmusHocmi mooenell peKypeHmHoi HeupouHoi mepedci (RNN) Onsa Oumamiunux cucmem.
Memooonocia nouunacmvca 3 ioenmugpikayii HominanvHoi moodeni RNN 3a 00nomo2oro O0OCMYRHUX SUMIDHO8AHD.
Ockinbku OuHamixa cucmemu 3MIiHIOEMbCA, WO NPU3BO0UMDb 00 HOIPULEHH NPOOYKMUBHOCH, 8800UMbCS MEPMIH
Kopexyii. Lleti mepmin xopexyii suguacmocsa 3a 00nomo2oio peepecii osnax Hrxobiana (JFR), ukopucmogyiouu o3Haxu,
ompumani 3 axodiana modeni wodo ii HoMmiHanbHux napamempis. Kpim moco, nponomyemvcsa uenapamempuume
PO3UWUPEHHSL 3 BUKOPUCTAHHIM PEKYPPEHMHO020 HetpoHH020 domuunozo siopa (RNTK-GP) ons RNN. Ob6zo6oproomocs
Oemani peanizayii 0ns pPO3PAXYHKY MeEPMIHYy KOpeKkyii ma oyiHku nouamkogozo cmany. Yucnoei npuxiadu
0eMOHCIMPYIOMb eheKmuHicms Memoooaozii 6 00podYi 3HAUHUX 3MIH CUCTEMU.

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 lIdentification (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 RNNs, 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: Jlocnioccye inmezpayilo HeUpOHHUX MePediC y CUCIEMU KOMEHMYBAHHS KOOY 3 Memoio Ni0GUUeHHS.
eexmusHocmi ma pe3yrbmamusHocmi npoepamnoi Ooxymenmayii. Buxopucmanus memooie MAuuHHO20 HABUAMHS,
30Kpema HeUPOHHUX Mepedic, /i CMEOPEHHs. KOMeHmapie 00 K00y € 6a2amoodiyaoyum Wisxom 01 agmomamuszayii ma
nOKpauwjenusi AKocmi komenmapie. JJocniodcents 3a2nuba0emsves 6 HA84aHHA HeUPOHHUX Mooenel Ha 6azamomo8HUX
Habopax Oauux, paxo8yryu 5K AHSAIUCLKY, MaK [ cepOCubKy, [ OYIHIOE IX NPOOYKMUBHICMb PISHUMU MOBAMU
npoepamyeants. Kpim mozo, docnioscenns cmocyemscs Kiacugixayii KomeHmapis 00 Kooy, 660054U HOBY MAKCOHOMIIO,
AKA 6pAX0BYE Pi3Hi NApaoueMu ma Mo8u npocpamyB8anHa. 3anponoHo8aAHi HEeUPOHHT MOOei 0eMOHCIMPYIOMb NOMIMHULL
nomeHyian 'y NOKPAWeHHi PO3YMIHHA KOOy, NIOMpumyi 3ycuib CRiIbHOI po3pobku ma onmumizayii npoyecy
ookymenmyeanns. Ompumani pezyromamu niOKpecuioms BaNCIUGICMb NOMOYHUX O00CHIOdNCeHb Y  NPOCYEAHHI
3aCMOCY8aHHsA HEUPOHHUX MePedC Yy KOMEeHmy8anti K00y HA KOpUCHb pO3POOHUKIE NpocpamHo2o 3abe3neuenHs ma
CNINbHOMU PO3POOHUKIE NPOSPAMHO20 3a0e3neueHHs 8 YINOMY.

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.

It is 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.

Anomauia: ye 0ocniodicenHs 6600Umb HOBY NAPAOUSMY TUOOKO20 HABYAHHA WLIAXOM iHmMe2payii npuHyunie
ONMUMANLHO20 KOHMPOTIO 8 npoyec HaguauHs. Buxopucmosylouu 6azamy meopemuuny 6a3y meopii ONMuMaibHo20
Kepy6anHs, Mu HPONOHYEMO CIMeUCmB8o QYHKYIU, AKI napamempusyioms HOYAMKO8Y HeUpOHHY Mepedicy, 0038014104 U
Kepysamu ma NPUHYUNOBO GUKOHYGamu npoyec HaguanHa. OnmumancHuii. KOHMPOAb, AKUL  MPAOUYIliHO
BUKOPUCIOBYEMbCSA 6 IHIICEHEPHUX CUCMEMAX, A0anmoeanuil O0Jid Kepy6aHHs HAGUAHHAM HEUPOHHUX MEPedNC WLIAXOM
MIHIMIZayil 3a0anoi QynKyil eumpam 6i0N08IOHO 00 CUCMEMHOI OUHAMIKU ma oOMediceb. Bruouenns npunHyunie
ONMUMANILHO20 KOHMPOTIIO 3a0e3neuye cCUcCmemMHull nioxio 00 HAGUAHHS, WO SUXOOUMb 34 PAMKU 36ULAUHUX MEmO0i6
2nuboxo2o Haguanns. 3a60axu onmumizayii He nuwe O CNOCMeped CceHUx 0aHux, ane il ypaxosyiouu 6azoey OuHamixy
cucmemu, Haul RIOXIO0 NOKPAWLYE AOANMUBHICMb | MONCIUBOCI Yy3acanbHeHHs. L[ memoOono2is 3acmocosna 6 pisHux
obracmsax, GKIOUAYU DPOOOMOMEXHIKY, (DIHaHCU ma OXOPOHY 300p08’s, OeMOHCMpYIOUU ii yHigepcanrbHicmb |
nomenyiunuil enaue. Hawi ucnosku demoncmpyioms, wo inmezpayis NPUHYUNI@ ONMUMAIbHO20 Kepysants 30azauye
napaouemy enuboK020 HAGUAHHs, 8 Pe3yabmami 4020 MOOeNi He MINbKU € MOYHUMU U000 CROCEPEeICeHUX OaHux, aie U
0eMOHCMPYIOMb NOKpAUeHe V3a2albHeHHs 051 HeBUOUMUX cyeHapiig. Lle docniddcenHs npokiaoae wasx 0is po3gUmKY

2MUbOK020 HaGUaHHA ma 6i0Kpusac MOMCIUBOCMI ONfl U020 3ACMOCYSAHHS 6 CKIAOHUX | OUHAMIYHUX
cucmemax peaibHo20 C8imy.

Having examined data from experiments, artificial neural networks are frequently employed
to model and describe the given data. The data, denoted as ([10,(1), [10€ [, (1€ [, [1=1,...,[1, where
{10} represents inputs to the neural network, and {[J} 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 J(J0,0), (10,0)€ [IxL], describing
the distribution of observed data, is considered. The paper develops a mathematical approach to
overcome the lack of uniqueness and knowledge about (1. The proposed method assumes [1S[x[]
and
] 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
e-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 0o0cniodxcenHss NepeocMucuioe OYiHKY Oe3NeKu HA asmoMA2iCmpansx WIsAXoM IHmezpayii
RIOKIIOYEHUX | aemomamu308anux mpancnopmuux 3acobie (CAV) i3 cucmemamu inmenekmyanvHoi aoanmayii
weuokocmi (ISA). Buxopucmogyiouu Oounamiuni Oawui 6ucokoi po3oineroi 30amuocmi 3 CAV y mikpomepedcax, y
00CIONCEHH] BUKOPUCHOBYEMBCA 3PO3YMINA CMPYKMYPA WMy4Ho20 inmenekmy, 3okpema anzopumm LIME (Local
Interpretable Model-agnostic Explanations), wo6 niosuwumu npozopicme kiacugixayii beznexu ma iHmepnpemysamu
npocmoposi xapaxmepucmuiu. Haeonowyrouu Ha npoakmugHux empyuaHHAX, 3ACHOBAHUX HA PO3YMIHHAX WMYYHO20
iHmenekmy, O0O0CHIONHCeHHA O0O0CHIONHCYE B3AEMO38 'A30K Midc pieHem npouuxuenHs CAV i pesynomamamu Oes3nexu,
003801104 U THOUBIOYAIbHE BMPYUAHHS, V3200HCEHe 3 KOHKPEeMHUMU Npoinamu nonumy Ha mpagix. Bruecku sxnrouaromo
npOCMOposuUll AHANI3 HA OCHOBI MIKPO-CIMKU 3 BUKOPUCTHAHHAM OGHUX NPO MPAHCHOPMHI NOMOKU 8 PeanbHOMY 4dci ma
enposadicenns gpetimeoprie Al ons npozopoi inmepnpemayii mooeni. Ilepedbauene matibymue nepedbaiae adanmueHi
cmpamezii ynpaeinHs, nPOSHO3HY AHALIMUKY Ma IHHO8AYil 05l 0e3neUHIul020, PO3YMHIUL020 MA CMIUK020 Janowagdmy
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 Atrtificial 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.

Anomayia: Lle oocniodcenns 3a2nuba0emvcs 6 cpepy iHmeneKmyaibHo20 MOHIMOPUHEY 3HOCY IHCMPYMEHmY
071 npoyecie OypiHHA KAMEHIO 3 0COONUBUM AKYEHMOM HA 3ACMOCYBAHHI HEeUPOHHOI Mepedici padianvhoi 6a3060i QyHKYIT
(RBFNN). Hetipouni mepeosci, HamxXHeHHI TH0OCbKUM MO3KOM, 8I0icpaims KIHU08y poib 8 00pobyi 6azamospaHHux
OaHux 0amuuKie, OMmpumManux nio yac 0opooxu kamerro. JJocnioxcenus niokpecaroe adanmusHicms i Haditinicms RBFNN
y Kaacugikayii ymoe 3HOCY IHCMPYMEHmY, OeMOHCMpPYIOUU 1020 eDeKmuUsHICmMb y peanbHux cyeHapisx. 3a8osaKu
8CeOIUHOMY OO0CHIONCEHHIO HABUAHHA HEUPOHHOI mepedici, eubopy yHkyiu i ounamiunoi adanmayii 00CHIOHNCEeHHS
Ppobumbs 6Hecox y wiuputy cgepy inmenrekmyansho2o eupooHuymea. Ompumani pe3yabmamu Cnpuaoms po3yMiHHIO poi
WMyuHo20 iHmMeNeKmy 8 onmumizayii pe3ynomamie 6UpoOOHUYMEA Ma NPONOHYIOMb PO3VMIHHA, 3ACMOCOSHE 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.

Anomauia: Inmezpayis HellpOHHUX MepediC y NPOSHO3YBAHHS CHONCUBAHHS eeKmpOoeHepeii 05l Memanyp2itiHo2o
supobHuymea € mparcgopmayiunum cmpubkom. Hetipouni mepesci 3 ix adanmuenicmio ma MONCIUBOCIAMU
HeHINIH020 MOOeN0BAHHS YYO0080 CHPAGIAIOMbCA 3i (PIKCAYIEr CKIAOHUX 83AEMO38 A3KI8 V PISHOMAHIMHUX Habopax
Oanux. Ix 3acmocysanms euxooumv 3a pamKu npo2HO3Y6AHHS, NPONOHYIOUU POIYMIHHA ONMUMIZAYIT EUKOPUCIIAHHS
enepeii 6 memanypeiinux npoyecax. Ilocmivini 3ycunis 3 po3pooku mooesnet, onmumizayii apximexmyp i ousepcu@ixayii
Habopié Oanux nNiOGUWYIOMb AOANTMUBHICMb Y PI3HUX GUPOOHUYUX cepedoguujax. Bueuenns anvmepnamusHux
Memo0oonoziti enuboko2o HAGYaHHA wje Oinbule PO3UUPIOE MONCTUBOCMI aAHANI3Y 8 peanrbHoMy uaci. Buxopucmanns
HeUPOHHUX MepedIc 03HAYAE NPAcHeHHs 00 MOYHOCMI, A0ANMUEHOCI MA eekmusHOCmi, CRpUsIIoYY CIMIUKOMY Ni0X00y
00 YNpasniiHs eHepeicio y UPOOHUYMEE CIMAJ.

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.

57



UDC: 330.342.4

Sergiy Kovalevskyy (Donbass State Engineering Academy, Ukraine), Julia Volodchenko (Legal
Counsel in QuartSoft Ukraine)

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.

Anomayia: L[ poboma niokpeciroe HeoOXionicmbv 0 YKpainu timu nicis80€HHO20 BIOHOBIEHHS MA PO3BUMKY
ceped cknaoHux gukaukie. QbmedceHi pecypcu 3yMO8I0I0Mb HeOOXIOHICMb NOULYKY AlbMEPHAMUBHO20 (QIHAHCYBAHHS,
BKIIOYAIOYU RIOMPUMKY 3AXIOHUX KpAin ma npueamuux ineecmopis. Kpim pinancosux mipkysans, akmughe 8i0HO61eHHs
mepumopiil, 0cOONUBO 8 MAKUX 3A2PO3NUUX peionax, K JJoHeybka 061acmbp, 8UMAAE CMPAMEIYHO20 NIAAHYEAHHSL Md
KOMNAEKCHO20 ananizy oaunux. Texnonoeii HelipoHHUX Mepedc cmaiomy OCHOSHUMU THCMPYMeHmamy 015 8iOHOGNeHHS,
cnpusiiouu  onmuMizayii  iHgppacmpykmypu, po3eumKy IHHOBAYIUHUX MEXHON02I, 3aIY4eHHIO [Heecmuyii ma
noxkpawenuio axocmi sicumms. Cmammsa 6UCmMynac 3a mooeni HetupoHHOi mepedci 3 GIOKpUMUM GUXIOHUM KOOOM,
HA20NOWYIOUY HA IXHLOMY NOMeHYiani pegonIoyioHi3y8amu epoOMadAnCcoKe dcumms ma ynpasiinus. Heobxiono excumu
Hezaunux Oiti 0I5l YCRIWHOI peanizayil, 6UBHAIOUU HAYIOHAIbHY 3HAYYWICIb Yb020 3A80AHHSL.

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 00CHiONCEHHSA 3a2TUONIOEMBC 8 Chepy MOUHO2O 3eMIepobCcmea, O0CHIONCYIOUU PO3POOKY
A8MOHOMHUX 0aA2amOPYKOGUX pPOOOMOMEXHIYHUX cucmem O0as 300py naodie y cadax. LJo6 eupiwumu npobremu,
no8’a3aHi 3 OKIO3IAMU NA00I8, BUKOPUCOBYEMBCA HOBUU ANCOPUMM 2AIUOOKOL 320pmMKO60i HeUpOHHOI Mepedci 0
NOKpaujeHHsi pO3NI3HABAHHA ma JoKanizayii nnoodie. Kpim moeo, memoO NIaHy8aHHS 3A680aHb, 3ACHOBAHUL HA
bazamoazenmHomMy HAGYAHHI 3 NOCUNEHHAM, ONMUMI3YE egexkmusnicmy 30upanns. Ilonvbosi eunpobysanus
pobomuz06anoi cucmemu 3 HOMUPMAa pyKamu 0eMOHCMpPYIOms 6a2amoobiysioui NOKA3HUKYU YCHIXY md Mpuedanicmo
yuky. Jlocniodcents niokpecioe mpancopmayiiHutl nOmeryial pooomu308anux cucmem y 30Upanti podicaro 8 caoax,
NPOKNA0AIOYY WAAX 00 NIOBUWEHHS epeKMUSHOCMI, 3HUNMCEHHA eumpam Ha podouy cuiy ma HpaKmuKu CHAI02o
BUPObHUYMEA 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.

Anomauyin: Y yvomy 00cniodicenHi npeocmagieHo HO8Y MemoO0a02i0 UMOBIPHICHOZ0 NPOSHO3YGAHHSL
3aNUUKOB020 pecypcy KOHCMPYKYIN Y pedcumi peanbHo2o 4acy, AKA NOEOHye Memoo cKinuennux enemenmis (FEM),
Monme-Kapno (MC) i netiponni mepeaci (NN). Hetiponna mepesica « HI1-L1» susieunacs onmumanbHoio, 0eMOHCIMpPYIouu
BUCOKY MOYHICMb | cMAOiIbHICMb 3 MIHIMATbHUMU OAHUMU. 3ACMOCYBAHHSA MemOo00I02ii 00 MOHKOI NAACMUHU 3
YEHMPAbHUM OMBOPOM 0eMOHCMPYE ii echekmusHicme y cyenapiax peanvroeo ceimy. Lleti nioxio ycysae nompedy 6
nonepeowiil ingpopmayii npo po3noodinu 6XiOHUX napamempis, Wo pooums 1020 YIHHUM IHCIPYMEHMOM 015 OYIHKU CIAHY
KOHCMPYKYIi 6 HeusHaueHux ymosax. JocniodcenHs NOEOHye mMpaouyitiHi ma nepedogi memoou, 3abe3neuyiodu
6aeamoobiysouuil WX 0151 MAUOGYMHIX 00CHIOdNCeHb Y OYOi6elbHill iHCeHepil.

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

63



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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BUKOPHUCTAHHS 3ACOBIB IITYYHOT'O IHTEJEKTY Y MOBLIbHUX
JOJATKAX

Anomauin. Haeeoeno onuc moorcnusocmei kaacy CameraX 0Ons 3axonienHs ma 00poOKu 300pajicens,
ompumanux 3 kKamepu mobinbHo2o npucmpoio. Onucano pescum po6omu Image Analysis os saxonnenns ma oonovacroi
00po0OKU 300padiceHb 3a 00NOMO2010 Mooenell MauuHHo2o HasyauHsa .Onucano npoyedypy iHmezpayii Moxiciugocmert
CameraX y npoekm 3a donomocoro gradle. Haeedeno npoyedypy inmezpayii moleni MAUWUHHO20 HABYAHHA O
PpO3ni3HasanHa 00EKMI6 3 300padsceHb y npoekm MobOinbHo20 0ooamky. Ilokazano pesyremamu pobomu mooeni
MAWUHHO20 HABYUAHHA Y NpoeKmi MobinbHo20 (Android) oooamxky.

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

Bukopuctansus 3aco0iB IITY4HOTO IHTEIEKTY JO3BOJIA€ BHUPIIIUTH OaraTo pi3HUX 3a/ad.
Hanpuknan, MoxkHa po3mizHaBaTH 00’ €KTH 31 cTaTHUHUX (poTorpadiit abo Bizieo MOTOKY.

Takox 3a OMOMOTOI0 HEHMpOMEpek MOKHA IEepeTBOPIOBATH YOPHO-Oisie 300pa)KeHHS Yy
KoJibopoBe. CydacHi OXOPOHHI CUCTEMH BUKOPHUCTOBYIOTH INTYYHHI IHTEJICKT JJIsl pO3Ii3HABAHHS
o0IaYsL.

VY cydacHuX cMapTdoHax 3aCO0H MITYIHOTO IHTEIEKTY BUKOPUCTOBYIOTHCS ISl TIOKPAILICHHSI
SIKOCT1 300paXeHb, OTPUMaHUX 3 POTOKaMepax (3MEHIIICHHS IITyMY Ta 1H.).

Jlns po3nizHaBaHHs 00’€KTiB BUKOPUCTOBYIOTHCS MOJIENI MAalIMHHOTO HaB4YaHHs. OHIEO 3
takux mozeneit € TensorFlow Lite Object Detection [1]. Taka Mojemnb JerKo iHTETPY€EThCS B TIPOCKT
Android nonatky.

Mera poboTu — aHami3, JOCHIIKEHHS Ta BUKOPUCTaHHS 3aco0iB IITYYHOI'O IHTENEKTY Y
Android gomaTkax [yis BU3HAYEHHS 00’ €KTIB Ha 300paKeHHSIX, 3aXOIJICHUX KaMepor MOOUTEHOTO
TPUCTPOIO.

3anaqi JOCHIIKEHHS:

-BuBueHHs1 MoxuBocTedl TensorFlow Lite Object Detection mns BusHaueHHsS 00’€KTIB 3
300paXCHb;

-BUBUEHHsI MOXJuBocTel CameraX majisi 3aXOIUIEHHS 300pa)keHb 3 Kamepu MOOUTBHOTO
HPUCTPOIO;

-IT IKJTFOUEHHS Ta BUKOPUCTAHHS TOTOBOI MOJIEII MAITMHHOTO HABYAHHS JIJIS PO3ITi3HABAHHS
00’€KTIB 3 300pakeHb, 3aXOMJICHUX KaMePOI MOOLIBHOTO MPUCTPOIO;

-po3podka Android momaTky [uisi A€MOHCTpalii poOOTH MOJEIl MAITUHHOTO HABYAHHS JIJIst
po3mi3HaBaHHs 00’ €KTIB.

O06'eKT T0CaiIKeHHsI — MoJIeIh MammuHHOro HaByaHHs TensorFlow Lite Object Detection.

Ipeamer noc/izKeHHs — aHAITI3, TOCHIHKEHHS Ta BAKOPUCTaHHS Mojieni y poekti Android
JOJaTKy 7Sl po3Mi3HaBaHHs 00’ €KTIB 3 300paKeHb, 3aXOMIEHUX KaMepOr0 MOOIJILHOTO IPUCTPOIO.

OIIIC MOXKJIUBOCTEM KJTACY CAMERAX JIJIA 3AXOILIEHHSA TA OBPOBKHA
30bPA’KEHDb

Knac CameraX [2] mae GaraTo MOXJIMBOCTEH IJIsi 3aXOIUIEHHS Ta 0OpOOKM 300pakeHb 3

KaMmepH. BiH 3HayHO crpolrye mpoiec po3poOku Ta € ePeKTUBHUM PIIIEHHSM ISl OTPUMAaHHS Ta
00po0KH 300paxkeHb 3 KaMepH y pealibHoMy daci. CameraX miaTpumye JeKiTbKa MOXIITHBOCTEH JIIsI
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poboTH 3 300pakeHHsIMH. A came Prewiew, Image Analysis, Image Capture Ta Video Capture. J{is
po3Ii3HaBaHHS 00’ €KTIB OyJI0 BUKOPUCTAHO pexuM podoTu Image Analysis.

Lleit pexxum poOOTH TO3BOJISIE 3aXOIUTIOBATH 300paKEHHSI Ta OJHOYACHO iX EPEKTHBHO
00po0IATH 32 TOIOMOTOK0 Pi3HUX 010J110TeK, 400 3 BUKOPHUCTAHHSIM 3ac00iB MOJIEICH MAIIMHHOTO
HaBYAHHSI.

[lpy npoMy He MOTPIOHO CTBOPIOBATH SIKUXOCHh JIOJAaTKOBUX IOTOKIB JUII OKPEMO JIJIst
3aXOIICHHS Ta 00pOOKHU 300pakeHb 3 KaMepu MOOLTHBHOTO TPUCTPOIO.

Jns  BuxopuctanHs MoxiuBocted CameraX y mnpoekTi MOOUIBHOTO J0JaTKy 3
BukopuctanHusaMm cepenopuina Intellij Idea [3] HeoOxigHo y gradle momaTh HACTYIHI 3aJEXKHOCTI Ta
3pOOUTH CHHXPOHI3aIliI0 MPOEKTY (PUCYHOK 1).

& MainActivityjava ObjectsDetectionClass.kt # labels.txt | gradle.properties build.gradle (:app) v

def camerax_version = "1.1.0-alphaog8"

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:1.6.08-alphal4"

implementation 'com.google.android.gms:play-services-vision:8.1.0'

nden

Pucynoxk 1 — HeoOxini 3anexuocti gradle ams po6otu 3 CameraX

@dparMeHT MPOrpaMHOro KOy JUIsl 3aXOIUICHHS 300pa)KeHHsI Ta HOTo Mo/ajbiIol 00poOKH 3a
normomororo 3aco6iB CameraX HaBeeHO Ha PUCYHKY 2.

© MainActivityjava ObjectsDetectionClass.kt # labels.txt {1 gradle.properties build.gradle (:app) # proguard-rules.pro build.gradle (MyCarr v}
o
imageAnalysis.setAnalyzer(ContextCompat.getMainExecutor( MainActivity.this),
{
o public void analyze( ImageProxy image) {

Image img = image.getImage();
bitmap = translator.
translateYUv(img, =t MainActivity.this).
copy(Bitmap.Config.ARGE_8888, true);
preview.setRotation(image.getImageInfo().getRotationDegrees());

0bjUtils.get_phedictions(getApplicationContext(),bitmap,preview);

image.close();

b
n;

cameraProvider.bindToLifecycle( MainActivity.this, cameraSelector, imageAnalysis, imageCapture)

Pucynox 2 —®@parMeHT MporpaMHOTo KOy /s 3aXOIJICHHS Ta 00pOOKH 300paskeHHS 3
BukopuctanHaM CameraX
IHTETPALIA MOJAEJI MAIIMHHI'O HABUYAHHSA Y IPOEKT MOBIJIBHOT'O
JOAATKY JJIsAA PO3III3BHABAHHS OB’€EKTIB

Jns posmizHaBaHHS O0’€KTIB Ha 300pa)KEHHSX, 3aXOIUICHUX 3a JOMOMOTOK KaMmepu
MOOUTBHOTO MIPUCTPOIO Oyna BUKOPHCTaHA MOJICITh MaITUHHOTO HaBYaHHS
ssd_mobilenet vl 1 metadata_I.tflite. Ii inTerpamis B npoext moBomi mpocra. HeobximHo moxatu
cam (Qailn Mmozieni B TeKy ml mpoekTy MOOUTbHOTO 10AATKY (PUCYHOK 3).
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Project D =T = & — c M:
= CameraXExampleObjectsDetection [MyCameraXExample] [
> .gradle
> .idea
e app
> build
libs
> androidTest
v main
> assets
> java
v ml
I e ssd_mobilenet v1_1_metadata_1.tflite ‘:IE
> res
we AndroidManifestxml o 28,1,72 kB A
> [ test [unitTest]
~ nitinnAra N2 022022 2200 AR
PI/ICYHOK 3- I[O,HaBaHHH MO,I[CJ'Ii J0 IPOCKTY
Takoxx HeoOX1AHO 10AaTH OMKC 00’ €KTIB B assets (PUCYHOK 4).
CameraXExampleObjectsDetection = app = src ' main = assets = labels.txt
g Project ¥ DI = & — € MainActivityjava ObjectsDetectionCla:
§ & CameraXExampleObjectsDetection [MyCameraXExample] | person
] .gradle bicycle
g .idea car
: * app motorcycle
> B build :
" libs alr‘plane
3, bus
E e src )
| ] > [, androidTest train
~ 1% main [truck
¥ assets boat

Pucynok 4 — Onuc 00’ €KTiB, sIKI MOXe PO3Mi3HABATH MOJEIb MAILIMHHOTO HABYaHHS

BUKOPUCTAHHA MOJEJII MAIIIMHHOI'O HABYAHHA V1A PO3INI3BHABAHHSA
OB’EKTIB

M Bookmarks

& Build Variants

Structure

& labels.txt 17.08.2023 17:07, 660 B A minute ago

java
W ml
mru ssd_mobilenet_v1_1_metadata_1.tflite )
> res
we: AndroidManifestxml 05082023 11:2 A
> [ test [unitTest]
 -gitignore 03
build.gradle
= proguard-rules.pro 03.08.2023 22:20, 750 8 17.08.2023 2
gradle
o -gitignore 03.02.20
build.gradle
11 gradle.properties

Logcat:  Logcat e

ftraffic light
[fire hydrant
2??

stop sign
parking meter
bench

bird

cat

dog

horse

sheep

cow

elephant

Jlns migkmroYeHHsT MOJeNi BUKOPUCTOBYETHCS HACTYNMHUN (parMEHT MPOrpaMHOIO KOIy

(puCyHOK 5)
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labels = FileUtil.loadLabels(context, filePath: "labels.txt")
model = SsdMobilenetVl1lMetadatal.newInstance(context)

Pucynoxk 5 — IligkmtroueHHs: Mmojeni

Jns posmizHaBaHHS OO€KTIB Ha 300pakeHHSAX Ta MaloBaHHA Ha HuX bounding boxes
(BUALIEHHS PO3Mi3HAHUX 00’ €KTIB MPAMOKYTHHKAMHU) BUKOPUCTOBY€eThCs (pyHKIis get predictions

(pucyHoxK 6).

888, iMutable: true) ;

copy(Bitmap.Config. ARG

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

| objutils.get_phedictions(getApplicationContext(),bitmap,previen); |

image.close();

Pucynok 6 — Bukopucrauus get_predictions ajs po3mizHaBaHHS 00’ €KTIiB

Oyukiis get predictions Mae HaCTYIMHUN BUTIISL (PUCYHOK 7).

fun get_predictions(context: Context, bitmap: Bitmap, imageView: ImageView) {

val paint = Paint()
var colors = listof ¢
Color.BLUE, Color.GREEN, Color.RED, Color.CYAN, Color.GRAY, Color.BLACK
Color.DKGRAY, Coler.MAGENTA, Coler.YELLOM, Color.RED
)
lateinit var labels: List<String>
lateinit var model: SsdMobilenetVilMetadatal
val inageProcessor =
ImageProcessor.Builder().add(Resize0p( Height: 300, JetW 308, ResizeDp.ResizeMethod.BILIN

labels = FileUTil.loadLabels(context, flefath: "Labels.txt")
model = SsdMobilenetVliMetadatal.newInstance(context)

var image = TensorImage.fromBitmap(vitnap)
image = imageProcessor.process(image)
val outputs = model.process(image)

val scores = output

var h = mutable.heignt
var w = mutable.gidth

paint.s
scores. for
if (fL>0.7) {
var x = index
X *= 4
paint.setColor(colors.get (index))
paint.style = Paint.Style.STROKE
canvas . drawRect (
RectF (

ed { index, fL ->

locations.get(x + 1) * w,
locations.get(x) * h,
right Locations.get(x + 3) * w,
I locations.get(x + 2) * h
), paint
)
paint.style = Paint.Style.FILL
canvas . drawText(

Pucynok 7 — ®dparmeHT mporpamHoro koay ¢yskiii get_predictions

Takox st KOpeKkToi poOOTH MOOUTHPHOTO MJOJATKY HEOOXiMHO IoAaTH O3B Ha
BUKOpHUcTaHHs Kamepu B AndroidManifest.xml (pucynok 8)

we AndroidManifest.xml s activity_main.xml € MainActivity java

ObjectsDetectionClass.kt # labels.txt 1| gradle.properties

<?xml version="1.8" encoding="utf-8"?>
<manifest xmlns:android="http://schemas.android.com/apk/res/android"

xmlns:tools="http://schemas.android.com/tools">

l <uses-permission android:name="android.permission.CAMERA"/> I

Pucynok 8 — J103B111 /11 BUKOPUCTAHHS KaMepH

build v

Heo0ximHO TakoX 3ampOCUTH I03BUI HA BUKOPHUCTAHHS KaMepH y KOPHUCTyBada y runtime

pexxumi (pUCYHOK 9).
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if (ContextCompat.checkSelfPermission( context: this, android.Manifest.permission.CAMERA)
!= PackageManager.PERMISSION_GRANTED) {
ActivityCompat.requestPermissions( activity: this, new String[] {android.Manifest.permission.CAMERA},
PERMISSION_REQUEST_CAMERA);
} else {

Pucynok 9 — 3anuT 103B0OTy Ha BUKOPUCTAHHS KaMepH

Pesynbrat posmi3HaBaHHS 00’€KTiB 3 KaMepu MOOUIBHOTO MPUCTPOIO Y pealbHOMY Yaci
HaBeJleHI Ha pucyHky 10.

B

MyCameraXExample MyCameraXExample

B@+

MyCameraXExample MyCameraXExample

[}

MyCameraXExample MyCameraXExample

Pucynok 10 — Pe3ynbpTatu po3nizHaBaHHs 00’ €KTIB 3 OTPUMAHUX 3 KaMepU MOOUTBHOTO IPUCTPOIO
y peabHOMY Yaci

BUCHOBKHA

B pesynbTari BHKOHaHOiI pobotu Oyno po3pobieHo mMobinbHHMM (Android) nomarox. Lleit
JI0JIATOK 37]aTE€H 3aXOIUTIOBATH Ta 00pOOJIATH 300pakKeHH 3 KaMepH y pealbHOMY 4Yaci.

Jns 3axoruieHHs 300pakeHb OyB BukopucTaHui kinac CameraX. [ omHOYacHOro
pO3Mi3HaBaHHS 00€KTIB BUKOPHUCTOBYBAJaCs MOJEIIb MaIlIMHHOIO HaBYaHHS
ssd_mobilenet vl 1 metadata_1.tflite.

TakoX HaBeleHO pe3yslbTaTH pO3Mi3HABaHHS O0’€KTIB Ha 300paXXEHHAX 3 Kamepu y
peasibHOMY 4aci.

CIIUCOK IMOCUJIAHb
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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VY JIK 004.032.26

Boasincekuii €.B., Koctiok C.O. (Xapkiscokuii HayionanvHutl yHisepcumem paodioeieKmpoHiKi,
Xapxis, Ykpaina)

ITAPAMETPUYHA IJEHTUPIKALIA AJAIITUBHUX AKTHB:AI.[IFIHHX ®YHKIIA B
HONMEPEJHBO HABYEHUX MOJEJIAX LITYYHUX HEUPOHHUX MEPEX

Anomayia: B pobomi posensioacmvcs numaHHs a8MOMAMUYHOZO BUSHAYEHHSI NApamempis aodanmueHux
aKmueayiiHux GYHKYil 6 20mosux MoOenax, wo Maloms CIMaiy CHMPYKmypy ma CUHanmuyHi napamempu. Y eunaoxy
bacamouwapogoi Mooeni WmyyHoi HeUpPOHHOT Mepedc, 3MIHA 00HO20 3 WAPI8 BUKIUKAE HeoOXiOHicmb adanmayii 8cix
nOOAnbLWUX WaApis, a omawce 66e0eHHs A0ANMUBHUX AKMUBAYIUHUX (DYHKYIL 8 ICHYIOUY MoOelb nompebye obepexicHol
iHiyianizayii napamempie axmueayiiHux QyHKYil 015 30epedxicents anpoKcuMayiinoi 30amHocmi nonepeoHbo HasueHUx
moOenetl. Takum UYuHOM, HPONOHYEMBCA NIOXi0 2padieHmHoi onmumizayii 01 00paHHA 3HAYEeHb napamempis
akmusayiinux QyHkyiu. Pezynemamugnicms ma nomenyitii 00MedceHHs: nioXo0y 00CHIONCeHI eKCNePUMEHMANbHO HA
npuxnadi modeni KerasNet ons xnacugixayii 306pasicenn. 3 memoio oyinku 30amuocmi QyHKyili 00 adanmayii,
nouamkosa opma adanmuenux QyHKYil 00pana max, wo 6OHA He NOGMOPIE GOopMy @IKcosanux QyHKYil 6
opuzinaneriu modeni. Kniouogi croea: wmyuna HeUpoHHA Mmepedcd, a0anmuéHa aKmusayiuna QYHKYIs, 006e0eHHs
Mooeii.

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

AxTuBaniitHi GyHKLIT € OJHUM 3 KIFOUYOBUX OJIOKIB B MOJIENAX IITYYHUX HEHPOHHUX MEpEx
(IITHM). KnacuuHi akTuBaniiHi QyHKIIii, 30kpeMa — cirMa-(QyHKIis, y CBOIH Cynepro3ulli HaaaTh
MOJICJISIM BIIACTUBOCTEH YHiBEepCcalbHOro anpokcumaropa [1]. B Toii ske vac, pi3HOMaHITHI KyCKOBO-
miHiiHl yHKIii, sk-ot ReLU [2], PReLU [3] Ta inmii, mupoko 3acToCOBYIOThCS B rmudokux [ITHM
yepe3 X OOUYHUCIIOBaJIbHY MPOCTOTY, JIETKEe MPOXO/UKEeHHS iHpopManii 6e3 edeKTiB 3HHKaI4YOoro
IPaJi€eHTY, a TAKOXK 1X (PaKTUYHY JOCTATHICTh B MPUKIIAJAHUX 3a7adyax 0OpoOKu naHux [4].

AJanTuBHI aKTUBAIiiHI (QYHKIII T03BOJSIIOTh IMOKPAIIUTH AaNpOKCUMAIiHI 3JaTHOCTI
Mepei [5] uIsxom 10/1aBaHHS aIanTHBHUX MMapaMeTpiB, MO MiTAMTOBYIOTHCS B POLIECI HABYAHHS
Ha I[UIbOBOMY Ha0Opi AaHUX. AJANTUBHI aKTUBALiHI QYHKIT BIAPI3HIIOTHCS 32 CBOEIO MPUPOJIOI0
Ta 6a30BUMH OJIOKaMH, 3 IKUX BOHH CKianaroThes. Hanpukinan, AHAF [6] mae B cBOili OcHOBI cirma-
¢ynkuito, PReLU — komOiHauito niHiHHUX (yHKUiH, a ¢yHkuis aktuBauii F-nelipony [7] —
CYTIEPIO3UIIII0 HEUITKUX (QYHKI[IH HAJIEKHOCTI, TOMHOKEHUX Ha aJalTUBHUNA KOE(ILI€HT.

[TpakTuyHe 3acTOCYBaHHS aJaNTHUBHUX AKTUBAIIMHMX (YHKLIA YCKIaJHEHE BiJCYTHICTIO
norepeaHbO HaBueHux (pre-trained) mMozeneil 3 TakuMu QYHKIISIMHU, IO OOMEXYE BUKOPHUCTAHHSA
METO/IB J0BeACHHs napaMeTpiB (fine-tuning) Ta HaBuaHHS 3 mMepeHeceHHsIM iHopmauii (transfer
learning) [8], a oTXe MPU3BOIUTH A0 MOTPEOU B JOAATKOBOMY Haci Ta pecypcax Ha HaBUaHHS TaKUX
mojenelt 3 Hyns. OJHUM 13 METOAIB MOI0JIAHHS TaKUX MPOOJIeM € 3aMiHa (PIKCOBAHUX aKTHUBALIHHUX
¢dbyHKIIIT HA X eKBiBaJIeHTHI 3aminu [9], ax-oT 3amina ReLU na PReLU, a6o SiLU [10] na AHAF,
OJTHaK ICHYIOUl METOJM mependavaroTh pyyHHH Minbip 3HaueHb HapaMeTpiB JUId €KBiBaJICHTHOI
3aMiHU Ta 30€peXEeHHsI pElITH CHHANTHYHUX Bar Ta IIapiB y HE3MIHHOMY CTaHi.

MeTtoro naHoi poOOTH € BHpILNIEHHS 3ajadi MapaMeTpuyHoi iAeHTU]IKaIil aJanTHUBHHUX
aKTHBALIMHKUX (QYHKLIHN I ICHYFOUMX MEPEeX B aBTOMaTHYHOMY pPexHMi B mporeci fine-tuning.
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1. Oco6auBOCTI 3aMiHU aKTHBANIHHUX PYHKIIH

HITy4yni HEHpOHHI Mepeki MOXKHA OMMCATH K CYKYNHICTb IIapiB HEHpPOHIB, 3’€IHAHUX
c06010. Buxi K0’)KHOT'O HACTYIMHOTO I1apy Li 3ayIe)kuTh BiJl BUXOIIB IONepeIHbOTO mapy Li.1. Koxken
map L MicTUTh B c001 HaOip CHHANITUYHUX Bar Wi, 10 BU3HAYAIOTh BUXIJl JIIHIHHOT YaCTHHU HEHPOHIB
Zi, a Ha OCHOBI JIHIHOTO CUTHATY BHYTPIIIHBOI aKTUBAIil Zi POPMYETHCS BHUX1J Vi HEHPOHIB IIapy
Li. B Mepexxax 3 mpssMuUM TOIUPEHHM 1HGOpMAaIIil BUX1] Yn HSUPOHIB OCTAaHHKOTO 1apy Ln popmye
Ha0lp CHTHAJIIB Ha BUXO/1 BCI€ET MEPEXi Pn.

B 3aranpHoMy BUManky, 3MiHa Oy/Ib SIKOTO 3 ImapaMeTpiB Wi, Wz, ..., Wj BIUIMBAE HA 3MiHY
BUXIJIHUX 3HAYEHb V1, V2, V3, ..., Vi BUIMOBiqHUX mmapiB Li, Lo, ..., Li, 3MiHIOIOUM pO3MOIIICHHS
3HAUeHb HA BXOJaX X2, X3, X4,..., Xi+1, ..., Xn HACTymHHUX mapiB Lo, Ls, ..., Li+1, ..., Ln. AHanoriuso,

3aMmiHa aktuBaniiHoi ¢pyHkuii fi(zi) B wapi Li Ha anbTepHaTHBHY QyHKILI0O Ji(Zi) MOXKE TIPU3BECTH JI0
3MIHH PO3MO/IJICHHS 3HAYeHb Ha BXOJaX HACTYIHUX IIapiB, 110 BEJE J0 MOPYIICHHS MPOXOKECHHS
iH(popMallii B MepexKi, a B OKPEMHX BHITaJKaX — JI0 TIOBHOT BTPATH MEPEKEI0 OXKAHUX BIACTUBOCTEH.
VY takomy pa3i, 3MiHa CHHANTHYHHUX Bar Ta aKTUBAIIMHUX (DYHKIIH B MOMEpenHiX Iapax MoXKe
notrpeOyBaT KOPEKIlii CHHANTUYHMX Bar y BCIX HACTYIHUX Iapax BiAMOBIJIHO JO OHOBJICHOTO
PO3MOAiIEHHS BXiTHUX 3HAYCHb TAKUX IIaPiB.

Takum yuHOM, B 3a7adax JOBEJCHHS IapaMeTPiB MEPEKi Ta HaBUAHHS 3 MEPEHECEHHSIM
iH(dopMmalii MPaKTUKYIOTh BIIKMIAHHS BCIX IIApiB MEpexkKi, MOYMHAIOYH 3 Imapy L, 3aMiHsoun ix Ha
HOBI mapw, iHimiamizoBaHoi 3 Hyns. [Ipu mpomy momepenni mapu Li, Lo, ..., Li1 3amumarorscs
HE3MIHHUMH, a IX CHHANTHYHI Baru — ()iKCOBaHUMHU.

B 3amauax 3amiHu akTuBamiHMX (QYHKIIA Ha aganTHBHI MiAOMPAIOTHCS Taki 3aMiHU, MI00
opuriHanbHa (yskmis fi(zi) sBmsma coboro okpemuit Bumamok (GyHKIi-3amiad  i(Zi), TOOTO
fi(zi)=0i(zi,pi), ne pi — HanamToBHI MapaMeTpu aganTuBHOl GyHKIIT [9]. TakuM yuHOM, PO3MOALICHHS
BXIJTHUX 3HA4eHb Xi, ..., Xn-1, Xn mapiB Li, ..., Ln-1, Ln 3aMIIaroTbcsi HE3MIHHUMH, IO JIO3BOJISE
MOBTOPHO BUKOPHUCTATH BXKE ICHYIOUl CHHAINITUYHI TapaMeTpu Mepexi Wi, ..., Wn-1, Wn 6€3 101aTKOBOT
aganTauii Ta 6e3 BUKPUBIEHHS 1H(OpMAallii Ha BUXO/1 MEPEX1 Y=pn.

OxpeMoto 3a7auero Npyu 3aMiHi akTUBalIMHUX (QyHKIIH € BU3HaYeHHs Habopy mapaMeTpiB Pi
byukii gi(zi,Pi), AKi 6 103BOJSUTHA 30epErTH alpOKCUMAIlIHI 31aTHOCTI MOJIENi Ha 3aJaHOMy Habopi
naHux. 3amada oOpaHHsS TaKMX MapaMeTpiB yCKIagHroeTbes, komu ¢yHkmii fi(z) Ta i(zi,pi)
BIJIPI3HSIOTBCS 32 CBOEIO MPHUPOI0K0, ToOTO Koim piBHsHHSA fi(2)=(i(zi,pi) HE MoXxe OyTH BUpilIeHE
aHAJIITUYHUM YUHOM. B Takomy pa3i MoKHa 3BEPHYTHCH 10 MPOLEAYP ONTHMI3alii s BUPILICHHS
3amaui fi(zi) = Qi(zi,pi), 30kpeMa — 10 rpaieHTHUX IHTEpBa, ae s paay GbyHkimin gi(Zi,pi), 30kpeMa
— Juis HediTKoi aktuBaii [7], ymosu fi(zi) = gi(zi,pi) MOxyTh OyTH JOCSTHEHI JIHIIEe HA BU3HAYCHOMY
iHTepBai 3HAY€Hb Zi € [Zimin; Zimax], A€ Zimin, # -00 Ta Zimax # +oo. TakuM YHHOM, KPUTHUHO
BKJIMBUM € BU3HAYCHHS IHTEPBAy 3HAYCHB Zi € [Zimin; Zimax], IO MOCTYMAIOTh Ha BXiJ HEHPOHIB
mapy Li Mepexi, JUTs IKUX TTOBUHHO BUKOHYBATHCH fi(zi) ~ Qi(Zi,pi). st peruty x 3Ha4eHb Zi & [Zimin;
Zi,max] ymoBoro fi(zi) ~ gi(zi,pi) MOXHa 3HEXTYBaTH, OCKiTbKH BOHH HE BILTHBAIOTh HA 1oXUOKY E.

OnHOIO 3 OCHOBHHMX BJIACTUBOCTEW aJalTUBHUX AKTHUBAIIMHUX (QYHKIINA € iX 31aTHICTH
3MIHIOBATH BJIACHI MapaMeTpu (GOpMH Ta aMILUTITYIU B MPOLECi HABYAHHS MEPEXKi, alanTyIOYHCh 10
0COOJIMBOCTE MOTOYHOI MOJENi, JaHUX Ta BHUPINIYBaHOI 3a1adi oOpoOku iHpopmaiii. OOpaHHS
HetouHol 3aminu fi(zi) # gi(zi,pi) AA TONEpeHBO HABYCHOI MOJEII MPU3BOAUTH JIO 301TbIICHHS
3HAuUEHHS MOXUOKHU E Mik 04iKyBaHMMHU 3HAUEHHSM Ha BUXOJ1 MEpexki Y Ta PaKTUIYHUMH BHXOJIaMHU
¥. 3a TaKuX YMOB JIOT1YHO MPUITYCTUTH, 1110 MpH (iKcallii CHHANITUYHUX Bar W=W1,W2,...,Wn MOJEi 3
BUKOPHCTAHHSM TPai€HTHOI TPOIEYypH CUCTeMa Oyje 3MyIleHa aJanTyBaTH MMapaMeTpu Pjs...,Pm
Qi(zj,pi), ---, gm(zm,pm) A1 3MEHIIEHHS 3HAUYEHHS TOXUOKK E Ta onTuMi3aliii iboBOi QYHKIIIT.
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Takum YUHOM, IPOTIOHYEMO COPMYBATH 3a/1a4y MapaMeTpUyIHOi i1eHTH]iKalii mapaMeTpiB
Pj,. . .,Pm amanTtUBHUX (GyHKIIH Qj(Zj,P)), ..., gm(Zm,Pm) B MONEPEAHHO HABYCHUX MOJICIAX y BHUIJISII
rpafieHTHOI mporenypu ontumizanii ntboBoi ¢ynakmii E. Ilpu npoMy cuHanTH4HI Baru
W=W1,W2,...,Wn 30epiratorbcsi (iKCOBAaHUMH, a BUIBHUMH 3aJUIIAIOTHCSA JIMIIE MapaMeTpu
aJaNTUBHUX AaKTUBALIMHUX (QYHKUINA Pj,...,Pm. [y onTuMizaiii BUKOPUCTOBYETHCS OPUTiHATBHUMA
Ha0ip JaHUX, Ha fAKOMYy Oyjla HaTpEHOBaHA BHUXIJHA MOJENb INTYYHOI HEWPOHHOI MeEpex.
BukopucToByloun OopuriHadbHUI Ha0lp JaHHUX, CUCTEMa OTPUMYE 3MOTY HAJAMITYBaTH [j,...,Pm
Oe3rnocepeIHbO Ha TOMY IHTEpBali JaHHUX Zi € [Zimin; Zimax|, 110 Ma€ 3HAYCHHS JJIsl BU3HAUYCHHS
BUXO/IIB .

HeoOxigHol0O yMOBOIO [Uisi  YCHINIHOTO  HAJAIITYBaHHA MapaMeTpiB  Pj,....pm 3
BUKOPHUCTAHHSM TPAJIIEHTHOI MPOIEIypH € MiAOIp TaKUX MOYATKOBUX 3HAYEHB Pjinit,-. - .,Pminit, 100
3a0e3neuYnTH IpsMe MPOXOHKeHHS iH(opMarllii BiJ BXOAIB X A0 BHUXOIIB MEPEXI y=yn, TOOTO s
YaCTKOBHUX 3a IlapaMeTpamu Pj,...,Pm MOBHHHA BUKOHYBAaTHUCh yMoBa dgj(zj,p;)/dpj#0.

2. IliaHyBaHHS eKCIIEPUMEHTY

JIsT  eKCIepUMEHTAIbHOTO TIATBEPKCHHS 3alPOIIOHOBAHOTO METONY PO3TJISIAETHCS
npobiieMa nmapamMeTpuyHoi i1eHTu(iKalil afanTUBHUX aKTUBALIMHUX (YHKIINA Ha MPUKIAAl MOJei
[IIHM KerasNet [11], raBuenoi Ha Habopi manux CIFAR-10 [12]. Ha BigmiHy BijJ IOCIIKCHb B
nomnepenHix poborax [9], MoYaTKOBI 3HAYECHHS MAPAMETPIB Pjinit,. . .,Pm,init OYHKIIH 0j(Zj,pi), ...,
gm(Zm,pm) HABMUCHO OOMPAIOTHCS TAKUM duHOM, 11100 fi(Zi) # gi(Zi,Pistart), TOOTO MOYATKOBI 3HAYCHHSI
napaMeTpiB He JO3BOJIAIOTH 33JJOBUIBHUTH YMOBH €KBIBAJIGHTHOCTI (DYHKIIIH. Y SIKOCT1 aAaNTUBHUX
¢ynkuiit BukopuctoByotbcs AHAF [6], LEAF [13], a Takox ¢ynkuis aktuBanii F-ueipony [7].

3aranom, eKCIepuMeHT JEeMOHCTPYE 3/IaTHICTh aJalTUBHUX aKTUBAIIHUX (YHKIIIH 10 3MiHU
napaMeTpiB BiIMTOBITHO JI0 BUPINTYBaHO1 3a1a4i Ta apxitektypu mojer HTHM. Ogaum 3 ouikyBaHUX
pe3yNbTaTiB €KCIEPUMEHTY € IMOCTYINOBa ajanTailis aJalTUBHUX aKTUBALIMHUX (YHKIINA TaKUM
YHHOM, 100 iX Gopma Ta aMIuTiTy1a HaraxyBaiau GopMy Ta aMILTITYAy (piKCOBaHMX aKTHBALIMHUX
¢byHk1iil B opurinansHii mogeni HHTHM.

Jlns rpamieHTHOI MpoLEAYpH BUKOPHCTOBYeTbea omntuMizatop Adam [14] 3 ¢ikcoBaHOMO
MIBUJAKICTIO HaBuaHHs le-3. OpwuriHanbHi Mozeni 3 (hiKCOBaHMMH aKTUBAIIWHUMHU (DYHKIISIMH
HaB4aroThCs MpoTsroMm 100 enox. ITicis 100 emox HaBUaHHS CHHANITHYHI Bard OPUTIHAIBHOT MOJIEII
¢ikcytoTbes, a akTUBALiMHI (GyHKLII 3aMiHIOIOTbCS Ha ajganTuBHi. Ilicns 3aMiHM, HaBYaHHS
OTPUMAaHOI MMOX1IHOT MOJIEJI TPOJOBKYETbCS MPOTAroM JojaaTkoBux 400 enox.

3aMiHu, BUKOPHUCTaHI B eKCIIEpUMEHTI, onucadi B Tabmumi 1.

Tabmums 1
HocnimxyBani noxiasi BapianTi KerasNet 3 afanTHBHUMU aKTUBALIHHUMU (QYHKIIISIMU
OpurinanbHa Mepexa [ToxigHa Mepexka
No ..
3ropTK. H1apu IToBHO3B. mapu 3ropTK. mapu IToBHO3B. mapu
1 ReLU fixed ReLU fixed ReLU fixed Fuzzy-as-Tanh
2 ReLU fixed ReLU fixed LEAF-as-ReLU LEAF-as-Tanh
3 ReLU fixed ReLU fixed ReLU fixed Fuzzy-as-Random
4 SiLU fixed SiLU fixed SiLU fixed Fuzzy-as-Tanh
5 SiLU fixed SiLU fixed LEAF-as-SiLU LEAF-as-Tanh
6 SiLU fixed SiLU fixed SiLU fixed Fuzzy-as-Random
7 SiLU fixed SiLU fixed AHAF-as-ReLU AHAF-as-ReLU
8 SiLU fixed SiLU fixed LEAF-as-ReLU LEAF-as-ReLU
9 ReLU fixed ReLU fixed AHAF-as-SiLU AHAF-as-SiLU
10 ReLU fixed ReLU fixed LEAF-as-SiLU LEAF-as-SiLU
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VY miacymky:
- Bapiantd 1-6 AOCHIDKYIOTH aIanTaiiio aKTUBAIIWHUX (YHKIINA JUIsl HE CIIOPIAHEHUX
akTHBaliitHUX QyHKIIH, 15t skuXx fi(zi) # gi(zi,Pistart);
- Bapiantu 7-10 mocaimKyroTh aganTallito BiIHOCHO OJIM3bKHUX (YHKIIIH, IS SIKUX YMOBa
fi(zi) = Qi(zi,pi) BUKOHY€ETHCS 32 EKCTPEMATIbHUX 3HAUCHD Zi=+00.
B Bapiantax AHAF-as-ReLU, LEAF-as-ReLU mapamerpu aktuBamiiinux ¢yHKIlii oOpaHi
TaKUM YUHOM, 100 MaKCHUMalIbHO OJM3bKO TTOBTOPIOBaTH Gopmy (ikcoBanoi ReLU. B BapianTax
AHAF-as-SiLU, LEAF-as-SiLU — sk Toune moBropenns SiLU. ¥V Bapianti LEAF-as-Tanh — sx
TOYHE TMOBTOpeHHs rinmepOomiynoro tanrency (Tanh). YV Bapianti  Fuzzy-as-Random
BUKOPUCTOBYEThCS (YHKIIS akTuBamii F-HeipoHy, mapamMeTpu SKOi iHIiliali30BaHi pIBHOMIPHUM
BUIIQJIKOBUM po3moxuioM B mianasoni [-1,0; +1,0). V Bapianti Fuzzy-as-Tanh d¢ynkuis
iHiIiamizoBaHa K KyCKOBO-JIiHiiiHa anpokcuMaliis Tanh Ha inTepBani Bxignux 3Hauens [-4,0; +4.0].
B ycix ekcriepuMeHTax napamMeTpH akTUBAIIHHUX (PYHKIIIH € CIUTBHUMH JUIs BCIX HEHPOHIB
KOKHOTO 3 tmapiB Li. Takum dYuHOM, akTuBaIiiHI (YHKIi B TIpoleci JOBEICHHS 3MYIICHI
a/IanITyBaTUCh 3 ypaXyBaHHIM BUXOIB BCiX HEHPOHIB mapy Li oxHOYacHO.
Excnepument BukoHanmii Ha komm torepi 3 Nvidia RTX A4000, PyTorch 2.0.0 [15] Ta
Python 3.10. Peamnizamis eKkcriepuMeHty  goctymHa  Ha  GitHub: github.com/s-
kostyuk/aaf _identification, intepakTuBHuU# 3BiT — 3a ocwitanusam: bit.ly/bk-learned-aaf-report.

3. AHaJti3 pe3yJIbTaTiB eKClIePUMEHTY

Pucynox 1 pemoHcTpye mporec HaB4yaHHA mnoxigHux BapiantiB KerasNet mim 1-3
nopsiikoBuMU HoMmepamu 1-3. OuikyBaHo, 3amina ¢yHkuii aktuBanii ReLU na Tanh ta Random
NPU3BOJMTH JIO 3HAYHOTO TMOTIPHICHHS pe3yJbTaTiB pOOOTH Mepexki Ha IOYAaTKOBUX ermoxax
HaBYaHHS. 3 KOXKHOIO €TOXOI0, MapaMeTpH aKTUBALIWHUX (PYHKIIH amanTyroThCs, IO J03BOJISIE
BITHOBUTH TOYHICTh Kiacudikauii. Tpeba Biamitutu, mo LEAF-as-Tanh apantyerbes 10 HOBUX
YMOB 3HaYHO MOBUIBHIMIE 32 KyCKOBO-IiHINHHI Fuzzy ¢yHkuii. MOXIMBOIO MPHUYUHOIO € MIOYATKOBE
3HaYeHHS mapameTpa Pistart = 0, 110 0OMEXKye TPOXOKEHHS 1HPOpMAIIiil Ta TPAJIEHTIB B MEPEXKI.

3.0 §
o E
= 0 2.5 :
> A {
9 <L :
= 2.0 A t
g = ;
® 5 151 i
gt b= i
3 1.0 A BRaITrT
! I
40 A 0.5 1 - Y L L L L
0 100 200 300 400 500 0 100 200 300 400 500
epoch epoch
—— Base, RelU, RelLU —-== Fuzzy FFN Shared, ReLU, tanh, tuned
—— AHAF Shared, RelLU, RelLU, tuned === LEAF Shared, RelLU, tanh, tuned, P24SI
—-=-= LEAF Shared, ReLU, ReLU, tuned, P24S|  ----- Fuzzy FFN Shared, ReLU, Random, tuned

Pucynox 1 — IIpouiec HaBuaHHs noxiaHuX BapiaHTiB 1-3 moneni KerasNet

[likaBo, mo 3a pe3yabTatamu goBeneHHs (yHkii Fuzzy-as-Tanh ta Fuzzy-as-Random
HaOyBaroTh (hopM, nmoaioHuX 10 GyHKUiH ReLU, ToOTO mOBTOPIOIOTE GOpMY aKTUBALIHUX (PYHKITIH
B OpPHUTIHAFHUX MOJIETISIX Mepeki. PHcyHOK 2 eMoHCTpye dhopMy akTHBaliiHUX QyHKIiH Fuzzy-as-
Tanh (a), LEAF-as-Tanh (6) ta Fuzzy-as-Random (B), BiAmoBigHO, 32 pe3yabTaTaMi HaBYaHHSI.
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Pucynok 2 — ®opma ¢ynkuiit Fuzzy-as-Tanh, LEAF-as-Tanh ta Fuzzy-as-Random B mogensix 1-3

ITpu 3amini SiLU na Tanh B Bapiantax 4-6 momemi KerasNet crmocrepiraerbcs 3HauHe
HOTIPUICHHA SKOCTI MOJENi, 10 HE KOMIICHCYETHCS JTOJATKOBHUMHM €MOXaMu HaBuaHHA. SK 1y
Bumaaky 3 Bapiantamu 1-3, LEAF-as-Tanh moxasye Haiiripmry 3paTHiCTh 10 3MiHM (opMmMu Ta
BIJTHOBJICHHSI XapaKTepUCTUK Mojeini. PucyHok 3 BimoOpaxkae mpolec HaBYaHHs, a PUCYHOK 4 —

dbopmu QYHKITIN.

3.0
80 A
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70 4
= A
& 60 - =
= (=)]
550 <
8 401 -
30 A
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, P245SI
-== LEAF Shared, SiLU, SiLU, tuned, P24S| -+ Fuzzy FFN Shared, SiLU, Random, tuned

Pucynox 3 — IIpouiec HaBuaHHs OXiAHUX BapiaHTiB 4-6 moneni KerasNet

LO FO LO FO L1 FO L2 FO L3 FO L4 FO LO FO
2 2
10 1 . 1 .
0 A 0 / J ] / d A 0 -
-250.0 2.5 -0 0 -1 0 -1 0 -0 0 -0 0 -250.0 2.5
a) 6) B)

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

B BapianTax moperni 7-10 BUKOHY€eThCS 3aMiHa aKTHBAIIMHUAX (QYHKIIIH Ha CTIOPiTHEH], a came
—3ReLU na SiLU Tta naBnakwu. [Tpu 3amini SiLU na AHAF-as-ReLU ta LEAF-as-RelLU akruBartiitni
(GyHKIIT HE MOXKYTh YCIIIIHO aJanTyBaTH BiacHy (opMy, 110 3yMOBJIEHO BEIMKUM 3HAYEHHSIM Ta
CJIa0KUM Tpa/IiieHTOM OJIHOTO 3 MMOYAaTKOBMX MapaMeTpiB akTUBALIMHUX (yHKIIIH, 1110 BiANOBiAAE 32
dopmy (y st AHAF ta ps nnst LEAF). Ipu 3amini ReLU na AHAF-as-SiLU ta LEAF-as-SiLU
CIIOCTEpPITraeThCs YCIIIIHA aJanTallis akTuBaiiHux GyHkuii 10 popmu ReLU.

Pucynku 5 Ta 6 300paxxyIoTh npoliec HaBYaHHA NOXiAHUX Mojenelt 7-8 Ta 9-10, BinnoBiaHO.
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epoch epoch
—— Base, SilLU, SiLU ——~ AHAF Shared, RelLU, RelU, tuned
—— AHAF Shared, SiLU, SiLU, tuned === LEAF Shared, RelLU, RelLU, tuned, P24SI

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

Pucynox 5 — Ilponiec HaBuaHHs 1moxijgHux BapianTiB 7-8 mozaeni KerasNet
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0 100 200 300 400 500 0 100 200 300 400 500
epoch epoch
—— Base, RelU, RelLU ——~- AHAF Shared, SiLU, SiLU, tuned
—— AHAF Shared, RelLU, RelLU, tuned ~  ==--- LEAF Shared, SiLU, SiLU, tuned, P24SI

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

Pucynok 6 — IIpouec HaBuanns noxigaux BapiantiB 9-10 monemi KerasNet

Pucynku 7 ta 8 nokasytors ¢opmu aktuBaniitaux LEAF B monmensx 8 ta 10, BiamosimgHo.
Bapiantu 3 AHAF cxoxi 3a ¢opMoto, a TOMY X UTIOCTpallis OIyIleHa /Ui CTUCIIOCTI.
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Pucynok 7 — ®opma dynkuii LEAF (cipum) B mozeni 8 B mopiBHsHHI 3 ReLU (dopHuM)
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Pucynok 8 — ®opma ¢yukiii LEAF (cipum) B mozesi 10 B mopiBasiaHi 3 SiLU (uopHuM)

BUCHOBKU

B poGoti pociikeHo MUTaHHS mapaMeTpuyHoi ifeHTudiKalii aJanTUBHUX aKTHBALIHHUX
GyHKIIT B aBTOMaTUYHOMY peXHMi. 3alpONOHOBAaHO (OPMYITIOBaHHS 3ajadi MapaMeTpU4HOl
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imeHTHdiKalii akTuBaiiHNX QYHKIIN K 33a7a9i ONTUMI3AILll MTapaMeTpiB aKTUBAIIHHUX (PYHKIIIH 3
BUKOPHUCTAHHSIM TPAIIEHTHOI TPOIEAypHd Ha 3aJaHoMy HaOopi maHuX. BumineHi ocoOmmBOCTI
imenTudikanii Ta 3aMiHM aKTHBALIWHUX (YHKIIH B MOMEpeIHbO HABYCHUX MOJEIAX, 30KpeMa —
MMTAHHS HECKBIBAJICHTHHUX 3aMiH Ta BIUIMBY 3MiH B OJHOMY 3 IIapiB HA BC1 HACTYITHI IIApH MOJIENI.

Po6oTa 3anponoHoBaHOr0 METOAY JAOCIHIKEHA Ha MIPHUKIIA/ll 3TOPTKOBOT IITYYHOI HEHPOHHOT
mepexxi Ha HaOopi CIFAR-10. ExcnepumeHTanbHO BH3HAYEHO, IO 3JaTHICTh aJalTHBHOI
aKTUBAIIHOT (YHKIIT 10 afanTamii BIaCHUX MapaMeTpiB 3HAYHOIO MipOIO 3aJI€KUTh Bl MOYaTKOBUX
3HAYCHb IapaMeTpiB aKTHBAIlIMHMX (YHKIIKA. 3a yMOB BIAMOBIAHOI iHIIiami3alii, aKTHBaIiiiHI
¢yHKUii BIAHOBIIOOTH (HOpMY Ta aMIUTITYIy, IIO BiAMOBINAIOTH OPUTIHAIBHIN Mojem. 3arajiom,
3aMpONOHOBAaHUIN METO]T J03BOJISIE BUKOHYBATH 17IEHTU(DIKAIII0 B aBTOMATHYHOMY PEKHMI.

[Toganpie moKpamieHHsl pe3yiabTaTiB Ta MPUCKOPEHHs BiTHOBICHHS (OPMH aKTHUBAIIHOT
GyHKIIT MOXKIIMBE 32 PaXyHOK BJOCKOHAJIEHHS MiA00PY MOYATKOBHX IapaMeTpiB aKTHBAIlIMHHUX
¢byHKUil, crpoleHHs nepeaadi iHopmarlii Mepexi, a TaKoX YCYHEHHS MEpPEeHIKOJ Ha MUIAXY
3BOPOTHOTO MOUIMPEHHS TPAIi€HTIB B MIPOLIECI HABYAHHS.
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Bopooeasn A. O. (Hayionanvuuil ynisepcumem «JIvsiscoka nonimexmixay», Ykpaina)

3ACTOCYBAHHSI HEUPOMEPEKEBUX TEXHOJIOI'T 11 BUSBJIEHHS TA
KJIACU®IKAILII NIEPEJIOMIB HA PEHTTEHIBCHKUX 3HIMKAX

Anomayin: Y cmammi 0ocnioxceno npobiemy mouyHOcmi Kiacuixayii HAsA6HOCMI nepeiomy KiCmKu Ha
DEHM2eHoSPaPIuHOMY 300padicenHi. AKmyanbHum nioxo0om egadcacmucs 3acmocyeants mooenetl cimeticmeéa YOLO ons
BUpiWenHs 3a60aHHA gulineHHsA obnacmi nepenomy. Penmeenoepaghiunum 306pasicennss eracmuee HU3bKe 3HAYEHHS
KOHmMpacmy 8 cuiy ix ¢popmysanns. 3 memoro nioguwjeHHs pe3yibmamis Kiacu@ikayii po3enaHymo psao memoois
nonepeonboi 06pobKuU 0N NIOSUWEHHA KOHMPACY MAakux 300pasxceHsb. B xo0i oocnidscenna 6yno nposedeno 0sa
excnepumenmu: 1) mynomuxnacoge gusgnens 00’ €kmie, oe picypyeano mpu Kiacu maxckoCmi neperomy, 2) 00HOKIAco8e
8UAB/IEHHS, 0e MOOelb MPEHY8ANACH HA BUABNEHHA EOUHO20 Kaacy ‘nepenom’’. 3ae0axu nonepeoHii 06podyi 300pasicers
Ma 36VHCEHHIO MHOJICUHU KLACI8 80AI0CS 3HAYHO 30inbiuumu nokasnuku mounocmi Precision 3 64.8% oo 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

Croroani po3pobka mMojesneii rMOOKOro HaBYaHHS I MEIUYHUX 300paKEHb € OJHUM i3
OCHOBHHX HAIPSIMKIB JOCII/DKEHb MITYYHOTO IHTEJIEKTY Ta MAIIMHHOTO HAaBYaHHS. 3a JOIIOMOTOI0
X MOJIeei MoKHa Ki1acu(iKyBaTH pi3Hi TUIK 300paXkeHb, Harpukiaa pentrenisebki, KT ta MPT,
a TaKOK BUSBIISATH TATOJIOTIIO Ta 1HII 3MiHH, K1 HE 3aBXKIH IIOMITHI JIFOJICEKOMY OKY.

Came Tomy po3poOka Mojieseit rMOoKoro HaBYaHHs 1715 Kiacudikalli MeIUIHUX 300pakeHb
1 BUSIBJIGHHS MATOJIOTiH € BOKJIMBUM KPOKOM Ha IIJISAXY J0 MOKPAIICHHS J1IarHOCTUKU Ta JIKYBaHHS
3aXBOPIOBaHb. BUKOPHUCTaHHS X MO/IEIECH MOXKE JTOTIOMOTTH MOKPAIINTH JIKYBaHHS Ta ITiIBUIIIUTH
Horo epeKTUBHICTB, 110 MOXKE€ MATH MO3UTUBHUIA BILJTUB Ha 3J0POB’S Ta SIKICTh )KUTTSA MAI[i€HTIB.

PeHTreHiBChbKi 3HIMKM MEPEIOMiB € OJHMMH 3 BUJIB MEIUYHHX 300pakeHb. X BUABICHHS
3aITUIIAETHCA CKJIATHUM 3aBJIaHHSAM JUIsI MEAUMYHUX (PaxiBIliB 1 BUMarae 3HAYHUX 3YCHJIb Ta 4Yacy.
IO Mepenom Moke OyTH HACTUIHKK HEMOMITHHM, IO MAIIEHT MOXKE HaBITh HE IMiI03PIOBATH, IO
BiH €. OnTuMi3allis Tpolecy BUSABJICHHS MEPENOMIB € BaXIMWBOIO 3a7auelo, OCKUIBKH IIBUAKA Ta
TOYHA J1arHOCTHUKA € KPUTHYHO BAXKIIMBOIO IS MAII€HTIB, SKi MOTPEOYIOTh HEBIIKIAIHOI MEUYHOT
JIOTIOMOTH.

3amava BUSBIEHHS MEepelIoMiB Ha PEHTTEHOTpaMax 3aiiMae CBO€ MicClle B HAyKOBHX poOoTax
Ta MUPOKO JTOCTIKYEThCS, Tak y cTaTTi [1] posrismaaeTscst mpobiiema tokamizaiii Ta imeHTrdikarii
3aXBOPIOBAaHb Ha peHTreHorpamax xpedTa. MeToro JOCIiKeHHS € po3po0Ka Mepexi i 00'eKTHOTO
BUSBIICHHS, SIKa TOUHO JIOKaNi3ye Ta Kiacudikye aHOMalbHI AUISHKM Ha peHTreHorpamax xpeoTa.
3anpononoBana mozaens, AC-Faster R-CNN, BUKOpUCTOBY€E MTHOOKE HABYAHHS T4 MA€ CTPYKTYPY
3muTTst o3Hak Deformable Convolution Feature Pyramid Network Ta cTpykTypy 3axoruieHHs
aHomautii Abnormality Capture Head.

VY nocainHumpbKii po6oTi [4] 3ycuuis Oyiu cripsIMOBaHI Ha BUSABIICHHS OJJHOTO a0 KUIBKOX
MepeJIOMiB B JIIKTHOBIA a00 MPOMEHEBIN KICTKax 3a JOMOMOTOI TIMOOKOr0o HaBUaHHS, SKi Oy
HABYCHI HA PEHTTEHOTpaMax BEPXHIX KIHI[IBOK. 3alpOMOHOBAaHUI METOJ MaB JIBA OCHOBHUX €TaIlu:
MIPETPOLIECIHT, SIKUM BKIIIOYaB BUAAJEHHS pajiorpadiyHoro (GoHy Ta NpuOUpaHHS HEKICTKOBOI
TKaHWHU, Ta BUKOPUCTaHHS ITHOOKUX Mojeneil HaBuaHHs, TakuX sik RegNetX006, EfficientNet BO
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ta InceptionResNetV2, nns 06poOku 300pakeHb, KI MICTATh TIJIBKU KICTKOBY TKaHUHY, 3 METOIO
BUSIBJICHHS OJTHOTO 200 JIEKIIBKOX MEPETOMIB JIIKTHOBOT 200 TPOMEHEBOT KICTOK.

Y poGoti [10] mOCHiIKYIOTh BHKOPHCTAHHS TJIMOOKOTO HABUaHHS /IS BHSBICHHS Ta
kinacudikamii mepemomiB  pebep Ha peHTreHorpamax TrpyaHoi KIITKH. Y poOOTI aBTOpH
NPEJCTaBISIOTh JIBI MojeNi s BUsBIeHHS mnepenomiB, AB-YOLOVS i PB-YOLOVS, ski Oynu
HaBueHi Ta omineHi Ha Habopi qannx EDARIb-CXR. Ls cTpyKTypa IeMOHCTPYE MOKPAIICHI METPHKH
Ha TECTOBOMY Ha0opi naHux, nocsratoun 3HaueHHss AP30 na piBHi 0.785.

V cratri [17] gocmiaHuKy po3risaaii MOKIMBICTS BUKOPUCTAHHS TJIMOOKOTO HABYAHHS JIs
JIarHOCTHKY Ta OIIHKH Ba)KKOCTI TIEPEIOMIB HIDKHIX KIHI[IBOK HA 3BHYAHUX peHTreHorpamax. J{is
PO3pOOKH JIIarHOCTHYHHUX MOJIETIEH /IJIs BUSIBJIICHHSI Ta OLIIHKY OYyJIM BUKOpUCTaHi Mepeka ResNet-50
Ta TPUILIET-TIIKA. Pe3yapTaTs moKa3aw, 10 MOJIeTIi BUSIBJICHHS MAIOTh BUCOKY YYTJIUBICTH Ta JO0OpPY
crienGiaHICTh IS epeoMiB THO10(iOyIM Ta CTOMM Ta MEPEBEPIITYIOTh Bi3yaldbHY OIlIHKY HaBITh
BiJ] CTApIIMX PEHTI€HOJIOTIB.

Metoaun nocainKeHHs

B nanomy mociimkenni Oyna pukopructana mojenb YOLO 8-1 Bepcii. YOLO, a6o “You Only
Look Once”, — 1e momynspHa MOJENb Uis BUSBICHHA 00’ €KTIB, BiJOMa CBOEIO IIBHUJKICTIO Ta
TouHicTiO. Ll MoOaens € OJHOpPa30BUM IETEKTOPOM, IO POOUTH Taki MOJETl OOYHCIIOBAIBLHO
e(heKTUBHUMH.

Mozens YOLO npornonye BUKOPHCTOBYBATH HackpizHy (end-to-end) HefiporHy Mepexy, ska
poOuth mnependaueHHs paMoK 00’ekTiB (bounding boxes) 1 WMOBiIpHOCTEH KJIAaciB OJIHOYACHO.
JloTpuMyrOUnCh TaKOro MiAXoay 10 BusBleHHS 00’ekriB, YOLO gocsria gyke BHCOKHX
pe3yNbTaTiB, 3HAYHO MIEPEBEPIIMUBILY 1HII ANITOPUTMHU BUSBIICHHS 00’ €KTIB y pealbHOMY Yaci.

3 momenTy nepmioro Bumycky YOLO B 2015 pomi Oyio po3po6ieHo Kinbka HOBUX Bepciit
mieiMozeni, KoXHa 3 SKHX 0a3yeThCs Ta BIOCKOHamroe momepenHto. OcranHs 11 iteparis Oyia
Bunyniena y 2023 pomi i3 Homepom Bepcii 8. Ock XpoHOIOris, sika 1eMoHCTpye po3BuTOK YOLO 3a

OCTaHHI POKH.
YOLO-v8
2016 2018 2020 |
@ x @ T L @ @

2015 2017 22 2023

2019 2021 20
101043
Puc.1. Xpononoris po3sutky YOLO

Tox MOXKHA TOOAYNTH, IO JaHA MOJIENTb HE MPOCTO MOMYJISPHA i KOPUCTYETHCS YCIIIXOM, a
1 Mae BeTMKUI OTeHLiai A7 nokpaieHHs. Came ToMy Ui JaHOT poOoTH OyJia BUOpaHa 1151 MOAEb.
Apxitektypa YOLO ckiagaerscs i3 3 OCHOBHUX YaCTHH:
® Backbone (xpeber) - 3ropTkoBa HeWpoHHa Mepeka, sika 00’eaHye Ta (opmye
XapaKTepUCTUKHU 300pakeHHS 3 PI3HOIO JAETai3all€lo.
® Neck (1us) - cepist mapiB JUIst 3MIITyBaHHS Ta KOMOIHYBaHHS (QYHKIIH 300paskeHHs,
100 mepeaaTH ix y nepeadadeHHsl.
® Head (rosoBa) - ciokuBae QyHKIIT 3 IHT Ta BUKOHYE KPOKH Hepe0aueHHs paMOK Ta
KJacy.

One-Stage Detector

Input | Backbone Neck Dense Prediction

- 7

Puc.2. Apxirextypa YOLO
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AnropuTt™m npuiiMae 300pakeHHs Ha BXiJl a TOTIM BUKOPUCTOBYE MPOCTY ITHMOOKY 3rOPTKOBY
HEHPOHHY MEpEeXY I BHSABICHHS 00’€KTiB Ha 300paxkeHHi. AnroputM YOLO ninuTh BXigHE
300pakeHHs Ha CiTKy NXN. SIKmo neHtp o0’€kTa MOTparvisie B KIITHHKY CITKH, IS KJIITHHKA
BIJINOBI1/1a€ 32 BUABJICHHS IIbOTO 00’ €kTa. KOXKHA KITITHHKA CITKY Tiependavyae mpssMOKYTHUKH-PAMKH
1 OLIIHKK JJOCTOBIPHOCTI JJIs IIMX NPSAMOKYTHUKIB, 10 TIO3HAYaIOTh BIIEBHEHICTh MOJIENI B TOMY, 110
pamKa MICTUTh 00’ €KT JJaHOTO KJIacy.

YOLO mosxe nepeabayaTi Kijbka paMOK Ha OJHY KIITHHKY ciTkd. YOLO npu3Havae oquH
NPEIUKTOp, AKHi OyJe «BiAMOBIJAILHUMY 33 BHUSBJICHHS 00’€KTa HA OCHOBI MPOTHO3Y, SIKUH Mae
HaviBummii morounuii IOU. 10U, a6o Intersection Over Union, — 11¢ MeTpUKa OI[IHKA TOYHOCTI
BUSIBJICHHSI 00’€KTa, sika 00paxoBYe MEPEKPUTTS MependayeHoro periony o00’€kTa i3 CIpaBXHIM
(BpyuHY 10/1aHa paMKa, /i1l HaBYaHHA). YUM O1IbIIe MEPEKPUTTSI, TUM Kpallla OIliHKa.

Intersection over union

Intersection over union : IOU

Taka poGoTa aaroputMy HOpU3BOJIUTH IO CIeliani3amii MiX mpeaukropamu pamku. Koxen
MPEIUKTOP CTa€ KpalluM Yy TPOTHO3YBaHHI MEBHHUX PO3MIpPIB, Mporopiid abo KiraciB 00’€KTiB,
MOKPAIIYIOYHX 3arajibHy OIIHKY 3araM’ ITOBYBaHHSI.

Ha0ip ganux ta oro oopodKa

s uporo mocnimpkeHHs Oylio MpoaHalli3oBaHO JEKijbKa 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]. KosxeH 3 HUX BipsA3HSIBCS KUTBKICTIO KIIACiB, pO3MipOB BHOIPKH, HASIBHICTIO
YU BIJICTHICTIO aHOTaIlli Ta SKICTIO 300paxkeHb. i1 mojanpiioi podoTh Oylio BHPINIEHO
00’eTHYBaTH HAaOOpU JaHUX, 33715 301IbIIEHHS HaBYaJIbHOI BHOIPKM Ta OUIBIIOrO Pi3HOMAHITTA
BU/IIB Ta MICI[b TIEPEIIOMIB.

Takoxx Ui caMOro HaBUaHHS MOJENi MOTPIOHO BKazaTW aHOTalii (SKIIO iX HeMae), 100
MOJIEJIb “po3yMisia”, 1€ 3HAXOAUTHCS MOTPIOHUHN HaM 00’ €KT. J1JIst 1IbOro MOKHA BUKOPUCTATH TOTOBI
BeO-3acTocyHkH [18], siki Habarato moJjermyrTh podoTy 3 aHortauismu (labeling) o 300paxeHs.
Jlanuii npoiiec BUMarae Tpoxu py4Hoi poOOTH.

I[Ticns 3aBepiieHHs aHOTaLli 300pakeHb JaHI MPO BCTAHOBIIEHI PAMKHM EKCIIOPTYIOTHCS B
crierianbHoMy (popmari, sikuit ouikye YOLO. Ile € TekctoBi (.txt) dainm, nio Ha3BaHi 3a iM’sIM
BIJITIOBITHOTO 300pa)KeHHs, SIKI MICTATh 5 3HAa4YeHb: MOPSAKOBUN HOMeEp Kiacy Ta 4 KOOpAWHATH
paMKH.
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Ta6mms 1. [pukian reryBadHs 300pakeHb 711 HABYAHHS

OxkpiMm 1OTO OYJI0 3aCTOCOBAHO MOMPEAHIO 0OPOOKY 300paskeHb I 301IbIIEHHS
koHTpacty - CLAHE, a6o Contrast-Limited Adaptive Histogram Equalization. Ileit meTon
3aCTOCOBYETBCSA JIJIsSI ITOKPAIIeHHs KOHTPACTHOCTI 300paskeHb, IO /IA€ 3MOTY MOJIEJTI UiTKIIITe
BUJUINTA CKeJeT Ha peHTreHorpamax. lleid MeToji BiJIpi3HSETHCA Biji 3BUYANHOTO
BUPIBHIOBaHHSA TiCTOTPaMU THM, III0 aJaITUBHUE METO]T 00YHCITIOE KUJTbKA TiCTOrpaM, KOKHa
3 SIKUX BI[IIOBiJIa€ OKpeMill AiIAHII 300pakeHHs], i BUKOPUCTOBYE X JIJIA IIEPEPO3IIOJIITY
3HAYEHb sICKPABOCTI 300paskeHHsA. TaKM YMHOM, BiH MOK€e IIOKPAIIUTH JIOKAJIBHUN KOHTPACT
i MOKpAaIUTH YiTKiCTh KPaiB y KOKHIl 00s1acTi 300pakeHHs.

PesyabTaTn
JUis MyJNbTUKIIACOBOTO BHSBIICHHS IEPEIOMiB Oyl BHKOpPHCTaHA KOMOIHAIA i3 JBOX
natceriB — “fracture types” [14] ta “long bones x rays” [16]. Lleit HabGip Mae Tpu Kiacu ki

MO03HAYAIOTh CKaIHICTh mepenoMy: A — 1 touka neepiomy, B — 2-3 Touku, C — Oinbie 3 TOUOK.
Ouinka pe3ynbTatiB Oy/e BiOyBaTHCs 3a Kilbkoma MeTpukamu: Precision, Recall, mAP50, mAP50-
95. Mojenb mokaszajia HaCTYIHHI pe3ysbTaT 1mo MeTpukax: Precision — 64.8%, Recall — 64.8%,
MAP50 — 63.3% ta mAPS50-95 — 26.0%. Lli 3HaueHHs MO>KHA IHTEpIPETYBaTH HACTYITHUM YHHOM:
JlaHa MOJIeNIb Ma€ MOCEPEAHIO TOYHICTh Ta MOXKE TOUHO KJIacu(i1KyBaTH OUIbIITY YACTUHY BHUIAJIKIB, 3
SKMX HalKpalle Ki1acudikye nepui kiac.

Tabnuus 2. 3HaueHHs] METPUK JUIS KJIaciB

Knac Precision Recall mAP50 mMAP50-
95

BC1 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

[TprurHaMu nocepeiHixX pe3ysbTaTiB MyJbTHKIACOBOIO BUSIBJICHHS MIEPETOMIB MOXKYTh OyTH
HACTYITHI MOMEHTH: 1) HeZOCTaTHbO SIKICHI 300pakeHHS — JeAKl 300pa)xeHHsI OyiIu HU3BKOTO
po3uupeHHs, 2) komOiHaliss — Habip OyB ckoMOiHOBaHUH 13 2 IHIIMX HAOOPIB, AKI MaJd CXOXI
KJIacH, TIPOTE iX KUTBKICTh Oyma pi3Ha (B omHoro 3 kiacu, B iHmIoro 9), 3) aHoTarii — BaXXKO

CTBEpKYBaTH, aje € WMOBIPHICTb, 110 HAOOPH AAHUX Yy BIIAKPUTOMY JOCTYNI MOXYTh MarTu
HEIOCTaTHHO KOPEKTHO MPOCTABJICHI KIIACH.

HopwmaizoBana confusion-marpuiis (puc.5) mokasye, mo J0BOJI Oarato 300pakeHb 0e€3
nepenomiB (background) 6yno nependaueni sk knacu A ta B, 1o miaTBepKye HaXui 10 Kiacy A.
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Confusion Matrix Normalized

Predicted

-03

-0.2

background

A B c background
True

Puc.4. HopmaiizoBana confusion-marpuiis

6 Precision-Recall Curve

| —— ADO0.705

—l- B 0.567

—C0:567
= all classes 0.613 MAP@0.5

Precision
°
o
[

o
I

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Puc.5. I'padik xkpusoi Precision-Recall

Ha TpenyBanbHiii BuOGipii (puc.7) MU MOKEMO CHOCTEepiratu cTaliibHE crajaHHs (QYHKIT
JUTSI TIepeOadeHHsI paMKH, JUTSI TTepe10avueHHs KJIacy MOYKHA IIOMITHUTH pi3Ke 3HIDKEHHS Ha 75 emoxax.
I{e MO’kHa MOSICHUTH THM, 1110 Ha 75 €M0Ci BKJIIOYAEThCS MO3ai4Ha ayrMEeHTallis, 110 103BOJIs€ Kpalle
HABYUTHUCH MOJIENI PO3PI3HATH KIIACH.

train/box_loss train/cls_loss
—e— results
2.5 A
2.0 +
1.5 A
1.0 A

) 100 0 100

Puc.6. I'padik ¢pyHKIii BTpaT Ha TpeHyBaJbHIH BUOIpII
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Tabmuus 3. [puknaau podboTu Moeni
Opurinan

[epenbavenns

Takox OKpiM MYJIBTUKIIACOBOTO TPEHYBAaHHS 0YJI0 IPOBEAEHO €KCIIEPUMEHT 3 OJJHUM KJIACOM
— “mepenoM”, SKM MaB Ha METi TNEPEBIPUTH TOYHICTH OINPHIUICHHS MICIsl TepeinoMy, Oe3
kinacudikanii Tsxkocti. TpenyBaHHs BinOyBanocs Ha naraceti “Bone fracture detection™ [7]. B
pe3yabTaTi MOJIENb MMOKa3aia HACTYIHHU pe3ysbTaT 1o MeTpukax: Precision — 85.2%, Recall —
73.5%, mAP50 — 79.9% ta mAP50-95 — 34.2%.

Januii HaOip maHWX, MaB 300pakKeHHS Kpamioi SKOCTi, IO TaKOX JOMOMOTJIO Iii MOZemi
HEPEBUIIUTH PE3YyIbTAaTH MEPIIOro EKCHEPUMEHTY, L0 I0Ka3ye BaKIMBICTb BHOOpY SKICHOIO
JlaTacery.

Ha xpusiii Precision-Recall MoxHa crocrepiraT JOBOJII JOBIMH MPOMIXKOK 3 BHCOKHM
Precision, 1o 0o3Ha4ae BUCOKWH IIAHC MPAaBUIBHOTO NependadeHHs kiacy. [Ipote i3 30inpmeHHsIM
3HaueHHs Recall € cyrTeBe 3MeHIIeHHs TouHOCTI Precision.

10 Precision-Recall Curve

—— Fracture 0.798
m— 3|l classes 0.798 MAP@0.5

0.8

0.6 4

Precision

0.4

0.2

0.0 y T T T
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Puc.7. I'padik xpuoi Precision-Recall
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Tabmuis 4. [puknaau nependadeHb 0THOKIACOBOT MOIETI

Opurinan [epenbaveHHs
BucHoBok

SIKICTP MEIUYHHUX TOCIYT € YK€ BaXIUBUM AacleKTOM, OCKUIBKM UMM TO4YHime Oyne
BU3HAYCHUH JIIarHO3, TUM Kpallle MPOe JTIKyBaHHs, & YUM [IBUIIC Oy/ie BU3HAUYCHUH JiarHo3, THM
OiJTbIIIE MIAHCIB BYACHO HAJ/IATH JIOTIOMOTY B JIIKYBaHHI, UM HABITh 3aI00IrTH XBOPOOi.

VY naHomy JOCHIJDKEHHI JUIsl TOCTaBlieHOi 3ajzadl Oyna BuHKopucTaHa mozaenb YOLO
OCTaHHBOI Bepcii. MyJIbTHKIIACOBA CTpATeris, siKa mependadaia TpeHyBaHHS MOJIENI Ha JaTaceTi i3
TpbOMa KJIacaMu, MPOJICMOHCTPYBaja mocepeIHi pe3yabTatu. Lls Moaens BUSBHIIACS MEHIII TOYHOIO,
3 Precision ta Recall na piBHi 0.648, Ta mAP50 y 0.633. [TomiTHO, IO CKJIAIHICTH JaTacery Ta,
HMOBIPHO HEJOCTaTHS SIKICTb, BIUIMHYJIa Ha 3arajibHy eQeKTuBHICTh Mozeni. HartowmicTts,
OJTHOKIJIACOBAa  CTpAaTeris, OpI€HTOBAaHAa HA TMPOCTIIE 3aBJAaHHS JIETEKIil IepeoMiB,
MPOJIeMOHCTpYBaia Kpaiii pe3ynbTratu 3 Precision 0.852, Recall 0.735, Ta mAP50 0.799. Baxnuso
BiJ[3HAYMTH, IO I EKCIEePUMEHT IPOBOJAMBCA HA IHIIOMY JaTaceTi, M0 MOXe TMOSCHUTH
HOJINIIEHHS B €()eKTUBHOCTI.

VY migcymky, monens YOLOVS mposiBuia cBiif NMOTEHLIan Yy BUSBJICHHI INEPEIOMIB Ha
PEHTIeHIBCbKMX 3HIMKaX, ajeé BarOMHMH BIUIMB SKOCTI Ta peNpe3eHTallil JAaHUX Ha pe3yJbTaTd
M1IKPECTIOE HEOOX1IHICTh MOIATBIITNX JOCIIKEHb Ta BIIOCKOHAJICHHS SIK CaMO1 MOJIENI, TakK 1 IKOCT1
HaOOpiB AaHUX.

Fracture 0.44

\

Fracture 0.38
i

7 7
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HEAPOMEPEKEBHI1 METO/I IIOC/IIIOBHOI I'/TIOBAJILHO-
JOKAJBHOI ATPOKCUMAIIIf KOPOTKAX HABOPIB MEJMYHHNX
JTAHUX

Anomauyia: B pobomi npedcmasneno moougikayiro memooy 2100a1b6HO-I0KANHOL ANPOKCUMAYIT KOPOMKUX
BUOIPOK MeOUUHUX OAHUX 3d PAXYHOK BUKOPUCMAHHA HellpOHHOT Mepedxci y3azanvHeroi peepecii 3amicms RBF netiponnoi
Mepedsci 0151 8UOINeHHs IOKATbHOI KOMIOHEHMU NOBEPXHI 8I02YKY, W0 003801UL0 NIOBUYUINU MOYHICMb ANPOKCUMAYI]
Ha 7% 3a mempuxorw RMSE ma smenwumu mpusanicmo uacy sukonauHs Ha 10% y nopieHsuHi 3 6a3068UM MemoOoM.
Aemopu onmumizyeanu npoOyKMUSHIiCms Memoody ma 00CTiOUIU U020 eeKMUBHICMb 8 NOPIGHSIHHI 3 HUZKOK ICHYIOYUX
Memoo0ie nio yac po3s a3aHHs 3a0ai NPOSHO3YEAHHS BMICIY RIOUWIKIDHOZ0 JHCUPY 6 OP2AHIZMI IHOOUHU.

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.

[aTenexryanpHuil aHai3 Ta HOTO IHTEpHpeTalis y BUMAIKy ONPAIIOBAHHSI MEIUYHUX JTaHUX
MaroTh HAJA3BHYAHO BHCOKY aKTyaJbHICTh y CY4acHIM Haylll Ta MEAMLUMHI. 3aBJISKU 3POCTAHHIO
00CsTYy MOCTYNMHUX MEAMYHHMX JaHUX, BUEHI Ta MeIu4Hi (axiBIi OTPUMYIOTH Oe3IpeneieHTHY
MOJJIMBICTh BUBYATH XBOPOOH, BUSBIIATH HOBI TEHJIEHIII] Ta 3aJI€KHOCTI, a TAKOXK YJOCKOHAIIOBATH
METO/T! JTIarHOCTUKH Ta JIIKyBaHHS.

OpnHak, came 3aB/IIKM PO3MAITTIO Ta CKJIAJHOCTI MEJUYHUX JaHUX BUHUKAIOTh BUKJIMKH, 5K
noTpeOyroTh HOBUX ITiIXO/IB Ta METOIB. | 1006anpHa anpokcuMalist JaHUX, 10 ONUCYE YCEPEIHEHY
HOBEJIHKY MOJ€Ni, HEIOCTaTHA JUId IIOBHOI'O PO3YMIHHS BCIX AacCIEKTIB MEIUYHUX JaHHX.
Hamnpukian, BoHa Moke HE BpaxOBYBaTH 1HIMBIAyajbHI OCOOJUBOCTI MAIli€HTIB, BIIMIHHOCTI MIXK
HiArpynaMu XBOpUX, ab0 BaXJIMBI JIOKalbHI Bapiamii. ToMy JOKajgbHI METOAM ampOKCHUMALlii
HaOyBaloTh Bce OUIbIIOI Bard. BoHU 103BOJISIOTH BpaxoBYBaTH Pi3HI (QYHKIIT Ta aCEKTH JaHUX B
OKpeMHuX Toukax abo perioHax. Llei miaxii ocOOIUBO KOPUCHMUH Ul aHaNi3y KOPOTKHUX HaOOpiB
MEAMYHUX JITaHUX, JI€ Pi3HI PEriOHU MOXKYTh BUKOHYBAaTH PI3HI (PYHKIIIT, a TAaKOX ISl 1€TaIbHOIO
BUBYEHHS CeUU(PIYHUX MEIUYHUX CLICHApIiB.

3po3ymilio, 110 rao0anbHi Ta TOKaIbHI METOAM MalOTh CBOI oOMexxeHHs. [ mobanpHa Moenb
MOJKe He BiJJOOpa)kaTW BCIX HIOAHCIB Ta OCOOJIMBOCTEH JaHMX, a JOKaJbHI MOJENi MOXYTb OyTH
HEIOCTAaTHBO y3arajlbHEHUMH I HOBUX JaHWX a00 HE BPaxOBYBATH 3arallbHUX TeHIEHIIH. Tomy
NO€IHAHHS TI100abHO-JIOKAIBHOI allpOKCUMAIli] CTa€ KJIFOYOBUM IT1IX0/I0M.

I'moGanbHO-I0KaIbHA ampoOKCUMAIlisl MEAMYHUX JaHUX HaJa€ MOMKJIMUBICTH OTPUMYBATH
KOMIIJIEKCHE pO3YyMiHHs JaHuX. BoHa moeqHye B co0i MHYYKICTh Ta IIMPOKUHN MOIJIAA II100aIbHOT
MOJIEJI1 3 TOYHICTIO Ta aJalTUBHICTIO JJOKAJIBHUX Mojeler. Llei miaxia 103Bose BUABIATH CKIIAJIHI
3aJIeKHOCTI, PO3YMITH 1HIUBIAYyalbHI peaKiii Malie€HTiB Ta BpaXOBYBAaTH KOHTEKCTyallbHI (haKTOpH,
10 € KPUTUYHUMHU ISl €PEKTUBHOTO MPUIHATTS PIlIEHb Y MEIULIMHI.

OnHak icHYI0UY1 METOAM II100aTbHO-TOKATBHOI allpOKCUMallii MOXKYTh 3a3HaBaTH OOMEXEHb,
KOJIM 3aCTOCOBYIOTHCSI Ha KOPOTKHX HaOopax MemuuHux naHux. Lle moxe Oyt moB’s3aHo 3
HE/IOCTaTHBOIO KUIBKICTIO 3pa3KiB, MO0 YCKJIATHIOE 3IaTHICTh MOJENECH BHSBIATH JIOKaIbHI
OCOONMBOCTI Ta JeTajl IHAWBIAYadbHUX BHITAJKIB. Taki OOMEXKEHHS BHMAaralTh YBaXHOTO
JOCIIJKEHHS Ta pOo3pOOKHU CIeliajli3oBaHUX MiAXOMIB JJs €()EeKTUBHOIO 3aCTOCYBAHHS TI00albHO-
JIOKaJTHbHUX METOJIB Ha KOPOTKHX MEIMYHUX JaHuX. [lomomaHHs miei mpoOieMu Mae BayKIIHBE
3Ha4YeHHs JUId 3a0e3MedeHHs] TOYHOCTI Ta HaJAIMHOCTI aHalli3y HaBiTh Y BUMAJAKax 3 0OMEXEHUMHU
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o0csiraMu J1aHuX, 110 J03BOJINTH JAOKJIA HIIIE JOCIIPKYBATH KIITHIYHI CHIEHApil Ta MepcoHalizyBaTu
MIIXOIN 0 J1arHOCTHKY Ta JIIKyBaHHS.

Mertoto po60oTH € TiABUIIEHHS €(PEKTUBHOCTI MTPOTHO3YBAaHHS KOPOTKUX HAOOPIB MEAMYHHUX
JAaHUX Ha OCHOBI Moaudikamii HEHpOMEpPEKEBOTO METOY I100adbHO-JIOKAIBHOI alpOKCHUMAIIii.
OCHOBHOIO 33/1a4€i0, Ky BUPINIYE sl po00Ta, € 3a0e3MeueHHs OUTBII TOYHOTO aHAJI3y MEIUYHUX
JaHUX, 30KpeMa y BHUMNAAKY IX OOMEXEeHHX OOCSHTiB, IO MOXE JOIMOMOITH BHSBUTH CKJIAJIHI
3aJISKHOCTI Ta 3pOOUTH OUIBII TOYHI MPOTHO3U JJISI BAXKIIMBUX MEIUYHUX MOKA3HUKIB.

VY cTarTi npeAcTaBIeHO MOKPAIEHUH TTiX11 A0 aHali3y KOPOTKUX HA0OpiB METUIHUX JaHUX,
KM 0a3yeThCcsl HA MOAUGIKaIlil ICHYI0UOr0 METOly TI100abHO-IOKaIbHOI anpokcumanii. basoBuit
METOJI BHKOPHCTOBYE [IBl INTYy4YHI HEHWPOHHI Mepexi: HeipomomioHa crpykrypa MIIITI mis
robansHOro aHamizy tTa RBF anms mokampHOro anamizy [1]. 3actocyBanHst Meromy mependadae
MOCJIiTIOBHY 00pOOKY IJaHUX 3 BUKOPUCTaHHAM HelipomepexeBoro anajaory PCA [2] mis orpuManus
r7100aIbHOT KOMIIOHEHTH TIepe]] BUKOPUCTAaHHIM JiHeapu30BaHoi HelipornoaioHoi cTtpykrypu MIITTI
ta RBF HelipoHHOT Mepexi ais aHaji3y JOKaJbHUX KOMITIOHEHT. 3HaYHHUM HEIIOJIIKOM 0a30BOTO
metony € oOMexxeHa amantuBHicTh RBF mpu po6oti 3 mamumu Habopamu nanux. RBF mepexa
BHUMAara€ BeJIMKOi KUIBKOCTI MPHUKJIAAiB [Js HaBYAaHHSA, 1 NPU3BOIATH JO IEpEeHaBUaHHS MpH
0oOMEXeHIH KUTBKOCTI JaHWX. 3ampornoHOBaHA MOAM(IKALis BUPINIYE II0 MPOOIEMY, 3aMiHIOIOYN
RBF na GRNN (General Regression Neural Network) aist aHainizy jiokaibHOT KoMIToHEHTH. GRNN
BOJIOJIi€ BHCOKMMH T'e€HEpeNi3alliiHIMH BJIACTUBOCTSIMU 1 HE MOTPeOye 3HAYHOT KUTBKOCTI MPUKIIAIIB
Uit epeKTUBHOTO HaBYaHHS. TakuM YMHOM, MOIU(IKOBAaHUN METO/] 103BOJISIE OTPUMYBATH TOYHI Ta
HATIMHI pe3yIbTaTH aHANI3y MEIUYHUX IAHHUX, OCOOJMBO TPH POOOTI 3 HEBEIMKHUMH OOCSTaMH
iHdopmarii.

CtpyKTypHO-(DYHKI[IOHAIBHY CXeMY 3alPOIIOHOBAHOTO MiIX0ly HaBEeJEHO Ha PUCYHKY 1.

Yy _ 0i — 2106a1bHa KOMNOHEeHma i-co sekmopa
y _ li — noxamvna xomnonenma i-20 éexkmopa

|

=
e
g
——o
——¢
®

y_tme ’
1
pred )/
Y_&i Y _ GRNN
» Moy gipmd > (for local
component)
v ll_pred
linear SGTM
. SG.T M > (for global >
(linearization) d
gi component) y gupred yupn’

d d
y_g/ o +y 1M

Puc. 1 CtpykrypHO-QyHKITIOHaTbHA cXxemMa Moau(Dikallii MeToay rio0anbHO-I0KaIbHOL
anpoKcuMaIlii KOpOTKUX HAOOPiB METUYHUX JTaHUX

Jly1a mepeBipkH Ta MOPIBHAHHSA €(PEKTUBHOCTI MOJIM(IKOBAHOTO METOAY NMPOBENEHO CEPito
eKCIIEpUMEHTIB Ha HaOopi MaHWX HeBeNWKOro po3Mipy [3]. Yci ekcriepuMeHTH Oynu 3ailiCHEH 3
BukopuctanusaM K-fold kpoc-Banmiganii 3 N nosropennsmu, e K = 5 1 N = 20. IlopiBHsIHHA
3aMpoIIOHOBAHOTO METOTY BiAOYBanocs 13 psAaoM icHyrounx MeToiB. 3okpeMa aBi [ITHM, siki nexats
B Oro ocHOBi, 0a30BHIl METOJl Ta YOTUPH ICHYIOUMX METOJH SIKI BUKOPHUCTOBYBAJHCS aBTOPAMHU
cTaTTi [5] s po3B’si3aHHS MOCTABJICHOI 3a7adi. EKCIEprMMEHTH OIIHIOBAIMCh Ha OCHOBI TaKHX
MOKa3HMKIB, SIK cepeqHbokBagpaTnuHa noMuika (RMSE), cepenns abcomtorna nomuika (MAE) ta
3aMipH 4acy BUKOHaHHS. Pe3ynbTaTu mpoBeaeHNX €KCIIEPUMEHTIB 300pakeHl Ha PUCYHKY 2.
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Puc. 2 Pe3ynbraTu NpoBeICHUX EKCIIEPUMEHTIB

SIk BUIHO 3 HaBEJCHOTO PUCYHKY, 0a30BWI Ta MOAM(IKOBAHWN METOAM IMOKA3alH BHIII
MOKA3HUKH TOYHOCTI, HDXK METOIM, IO OOCHiKyBanucs y 3ragaHiid crtarti [5]. OkpiM 1bOro,
MO (IKOBaHUN METOJ AEMOHCTPYE HAMBHIIY TOUYHICTh CEPEel YCiX JOCIIKYBaHUX. 30KpeMa , BiH
nokasaB Ha 7% Kpamui pe3yapTaT 3a MeTpukoto RMSE y nopiBusiHHI 3 6a30BuM. Takox, sSIK BUTHO
3 ricTorpamu 4acy BUKOHaHHS — Mou(ikoBaHuii MeTox npamroe Ha 10% mBuamie Hix 6azoBuii. Lle
MOSICHIOEThCS, BacHe, BukopuctanusiM GRNN y 3amponoHoBaniit Moaudikariii.

BUCHOBKU
Y po0OoTi MpencTaBIeHO MOKPALMICHUH MiAXiJ 1O IHTEIEKTYaJbHOTO aHali3y KOPOTKHUX
MEINYHUX JIaHUX, SIKUM Ma€ MepCreKTUBU BIPOBADKEHHS y MEAMYHY HPAKTUKY JUIS [MOKPALICHHS
TOYHOCTI Ta e(EeKTUBHOCTI aHami3y naHuX. lIpoBeneHi E€KCIePHUMEHTH IIiITBEP/DKYIOTh BHCOKY
e(EeKTUBHICTb Ta TOUHICTh LbOTO MIAXO1Y, 110 pOOUTH HOT0 NMEePCIEeKTUBHUM 1HCTPYMEHTOM Y chepi
MEAMYHOTO aHAJI3Y IaHUX.
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THTEJEKTYAJIbHI METOIA ONTUMI3AIIIL POBOTHU IHTEPHET-MAT' ASUHIB

Anomayin: Y oaniti cmammi po3ensioaemuvcs npoodiemamuka onmumizayii pobomu iHmepHem-mMaza3utis 3a
0onomo2or inmenekmyanrvHux memoois. Ocobausy ygazy npuodineHo 8UKOPUCHAHHIO 4am-00mie ma peKomeHOayilHux
cucmem, 3ACHOBAHUX HA ANOPUMMAX MAUUHHO20 HABYAHHA Ma wmy4Ho2o inmenexmy. Ilpoananizogano pisui nioxoou
00 nidguyeHHs egheKMUBHOCMI 83aEMOOIi MidC NOKYRYAMU Ma MOp2o8enbHUMU naamgopmamu. B pamkax oocnioxcenHs
0y10 nPoBedeHO eKcnepuMeHmuy 3 PISHUMU Cmpameiamu onmumizayii, 8UKOPUCTNOBYIOUU pednbHi OaHI 3 ICHYIOUUX
inmepnem-mazazurie. Pospobneno uam-6om, skuil eqpeKmusHo 83aemMooie 3 NOBHOI OA3010 3HAHL THMEPHeM-MA2a3UHY,
BUKOMYIOUU WUPOKULL chekmp 3a80anb. Lle exmouac Hadamusi 6i0nogioell HA 3aNUMAHHA KOPUCHY8AYi8 y pOJi
acucmenma, a MaxKodC SUKOPUCMAHHS 306HIUHIX [HCMPYMEHMIs, Makux K pekomenoayitini cucmemu. Llei nioxio
0038015€ He MINbKU 3a0e3neuysamu nepcoHani308any 63aemoolilo, aie il UKOPUCMOBY8AmU Nepedosi Memoou O0.s
onmumizayii pobouux npoyecis. Pesyromamu noxasanu, wo 6npoeadicents iHmeneKmyaibHux Memoois, 6Kuo4anyu
yam-60mu ma peKoOMeHOAYIUHI CUCMeMU, CAPUSE NIOBUUWEHHIO 3A0080JIEHHs KIIEHMI6 Ma ONMuMizayii NOKYnKogol
axmusrocmi. Ompumani 0aui cei04ams npo 3HAYHe NIOBUUICHHS eheKMUSHOCME pOOOMU THMEPHEM-MA2A3UHIE, 8 MOMY
YUCi 3pOCMAHHSA KOH8EPCIlIHUX NOKA3HUKIE MA NOLINUIEHHSA KOPUCMY8ALYBKO20 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
CydacHuii CBIT IMHAMIYHO PO3BUBAETHCA, @ Pa30M 3 HUM 1 c(hepa eJIeKTPOHHOI KoMepIlii, ika
cTaja HEBiJ'€MHOI0 YaCTHHOIO JKUTTS CYCIHIJIbCTBA. |HTEpHET-Mara3uHu, sk OCHOBHHIl €J1eMEeHT
€JIEKTPOHHOI TOPT1BIIl, 32 OCTAaHH1 IECATUIIITTS EPETBOPUIIUCH 3 HOBUHKH Y 3BUUHY PEAJIbHICTD IS
O1pIIOCTI croXkHBauiB. BpaxoByroun el akr, Tema "[HTeneKTyaabHi METOAM ONTUMI3aLil poOOTH
IHTEpHET-Mara3uHiB" € HaJ3BUYAITHO aKTyaJIbHOIO Ta BUMArae JIeTaIbHOIO IOCIIIKEHHSI Ta aHaTi3y.
ImmieMenTarllis iHTeNeKTyalbHUX 4aT-O00TiB-aCHCTEHTIB BiJIKpUBA€ HOBI TOPU3OHTU IS
ONTHMI3Alll]l pI3HUX aCMeKTIB iIHTepHeT-Komepii. L{i iHHOBaIliifH1 TEXHOJIOT1T JO3BOJSIOTH 3HAYHO
MOKPAIIXUTH B3aEMOJIIO 3 KIIIEHTaMH, ITPOMOHYIOUH IIBU/IKI, TOUHI Ta EPCOHATI30BaHi B1IIOBI/II HA
ixHi 3anuTaHHA. BuxopucraHHs 4aT-00TIB JoNoMarae 3MEHIIUTH dYac OOpOOKH 3aluTiB,
MiBUIIYIOYN 3aJI0BOJICHICTh KJIIEHTIB Ta MOKPAIIYHOUYM iXHIM 3aranbHHU JOCBIJ KOPHUCTYBaHHS

1aTGOpPMOIO.

Kpim Toro, yar-60Tu 31aTHI 30UpaTH Ta aHalI3yBaTW BENUKI 00'€MM JAaHUX, IO JO3BOJIE
BJIACHUKAM IHTEpHET-Mara3uHiB rJmoIIe 3po3yMiTH MOoTpeOu Ta yrnoaoOaHHs cBOiX KiieHTiB. Lle, B
CBOIO Yepry, BIIKPHUBAE MOXKJIMBOCTI ISl OUTBII IIJIECIPIMOBAHUX MApKETHHTOBUX KaMmMaHId Ta
e(eKTUBHIILIOrO yIpaBJIiHHS 3allacaMu.

B mxepenax [2] Ta [31] oco0nuBy yBary npuaijieHO aHaNIi3y ICHYIOUHX METOJIB ONTUMI3aIlil
Ta 1XHBOI €(PEeKTHMBHOCTI B KOHTEKCTI €JEKTPOHHOI Komepiii. JlochmimkeHHs BKIIOYa€e AeTaTbHHMA
PO3IIISIT IPAKTUK BETUKUX KOMMAHIN, TakuX sk Amazon Ta Alibaba, 3 akiieHTOM Ha X TAXOIH 10
OIITUMI3aLli.

B inmomy BaxnuBoMy xepeni [18], po3risaaroThCs CydacH! TEXHIKM IMIUIEMEHTAIli
IHTENEeKTyalbHUX YaT-00TiB Ta IX pOJIb Y MiJABUIIEHH] €()eKTUBHOCTI B3a€MO/II 3 KIIiEeHTaMU. ABTOPH
aHAJI3YI0Th, IK PO3YMHI 4aT-00TH MOXKYTh BUKOHYBAaTH P13HOMAaHITHI (DyHKII, BiJ BIAMOBIIeH Ha
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3aruTaHHA 10 IHTErparlii 101aTKOBUX IHCTPYMEHTIB, Ta sIK 1€ BIUIMBAE Ha 3arajibHy AUHAMIKy poOoTH
IHTEepHET-Mara3uHiB.[16]

Oxkpim Toro, B jukepeni [11] BUCBITIIOETHCA BIUIMB IJ100ai3allii Ha cTpaTerii MapKeTHHTY B
enoxy u(poBUX TEXHOJIOTINA. AHAI3YETHCSA, K TIEPEIOBI TeXHOIOT1, Taki sk GenAl, BiIKpuBarOTh
HOBI MOJKJIMBOCTI JIJ1s1 €JIEKTPOHHOT KoMepiiii. JlogaTtkoBo, B po6oTi [12] po3risaaroThes peanicTHyHi
BHMOTH Ta BUKJIUKH, TIOB's13aHi 3 BripoBapkeHHAM GenAl, ocobmuBo 11st cepernboro 0i3HECy, B TOM
Jac sk B Jpkepedi [23] HaBoIuThCsI aHauli3 TOTEHIIIMHUX BUKIIUKIB 1 MOKJIMBOCTEH, 1110 BUHUKAIOTh 31
IIBUKAM PO3BUTKOM ITi€T TEXHOJIOTI].

KoxkHe 3 nux Jpkepen BHOCUTH 3HAUHHMM BKIJIAJ B PO3YMIHHS IIMPOKOTO CIEKTPa aCMEKTiB,
MOB'SI3aHUX 3 ONTHMI3AIEI0 POOOTH IHTEPHET-Mara3uHiB, T03BOJIAIOYA (OPMYBATH KOMILICKCHHUI
HOTJISA]] HA II0 aKTYaJIbHY TEMY.

MeTtoau xocaixKeHHs

AHani3ylo4 Cy4acHI METOIM ONTUMI3alii poOOTH IHTEpHET-Mara3uHiB, BUSBISETHCS, II0
KJIFOUOB1 CTpaTerii OXOIUIIOIOTh BUKOPUCTAHHS momykoBoi ontumizainii (SEO), mammHHOTO
HaBYaHHS JUISI IEPCOHANI3AIli1, COLIaTbHAX MEPEX, AaHATIITUKU TaHUX Ta aBTOMAaTHU3allii MapKETHHTY.
Cepen 1ux, 4aT-00TH BUCTYHAIOTh K OCOOJIMBO BaXKJIMBUHN IHCTPYMEHT, 1110 IHTErpye 0arato 3 mux
IiXO0/IiB, MPOIIOHYIOYX KOMILUIEKCHE PIIIEHHS I ONTUMIi3allii.

SEO no3BoJisi€ miABUIIUTH BUIUMICTh Mara3uHy B MONIYKOBHX CUCTEMaX, 3aJTy4ar0un OiIbIe
tpadiky. Ilepconamizamis dYepe3 MalIMHHE HAaBYaHHS MoOke 30umbmmTH mpojaxi Ha 10-30%,
aJanTyo4y Mpomno3ulii 0 norped kopuctyBadiB. ColiaiabHI MepexXi TOMOMaraiTh y 3ally4eHHI
KJI€HTIB Ta MIATPUMII OpeHay, TOAI SK aHAIITHKA JaHUX JJ03BOJIsi€ Oi3HecaMm OUIbII TOYHO
HAJIAIITOBYBATHU CBOI CTpaTerii Ta BUpOOHUY1 HporiecH. [24]

OpHak, BIPOBADKEHHS YaT-OOTIB BUSBISETHCS HAHOUIBII €(PEKTUBHUM  METOJOM
ONTHUMI3allil, OCKUIbKU BOHU aBTOMATH3yIOTh OOCIYrOBYBaHHS KIII€HTIB, 3HIKYIOUM BUTpPATU Ta
MiBUNIYIOYN 33JI0OBOJICHICTh KOpHCTyBadiB. Yar-00TH BIANMOBITAIOTH HA 3alUTAHHS KJIIEHTIB,
JOTIOMAaralTh y Hapiramii 1mo caiiTy, OOpoOJSIOTh 3aMOBJIEHHS Ta IHTETPYIOThCS 3
pEKOMEHAAIMHUME CHCTEMaMHM, HaJalo4yM TepCOHaNi30BaHy B3aemonio. Lle cmpuse 3pocraHHIO
NPOJaXiB Ta MiJBUIIEHHIO €(EeKTUBHOCTI OOCIYroByBaHHS, IO POOUTH 4YaT-00TH KIFOYOBUM
(dakTopoM ycrnixy B AMHAMIYHOMY PUHKY €J1eKTPOHHOI KoMepIii.[21]

OTxe, BpaxoBYIOUYM BUKJIMKH CY4aCHOTO PUHKY IHTEPHET-TOPTiBII Ta IIBUIKUI PO3BUTOK
TEXHOJIOT1M, 4aT-00TH € HaWOLIbII ONTUMAJIbHUM METOJIOM OINTHUMI3allli, SKHil 3abe3neuye
KOMIUJIEKCHE BHpIIIEHHS MNpoOjeM Ta MiJABUILEHHS e(eKTUBHOCTI Oi3Hec-NpolLeciB I1HTEpPHET-
MarasuHiB.

3acTocyBaHHsS 4aT-OOTIB € OCHOBHOIO TEHJICHIII€}0 OCTAHHIX POKIB 1 IXHS MOMYJISPHICThH
nocTiiHO 3pocTtae. CTaTUCTUYHI JlaHI CBIOYaTh WIO0 BCe OLIBINE KIIIEHTIB HAJa€ TepeBary
KOPUCTYBAaTHCh YaT-00TOM, SIKIIO 11€ J03BOJIUTh 3a0IIaJUTH Yac.

@ BukopucTatoTb yaT-60T

YekaTUMyTb Ha KOHCYnbTaHTa

Puc. 1 Kopucmysannua uam-6omom | koncynoemanmom
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3a MuHYIHH pik 01u3bK0 9 3 10 KOpHCTYBauiB KOPUCTYBAIOCH YaT-00TOM X04a O OAWH pa3
Binbme toro, 7 i3 10 BBaXkaroTh 1eil JOCBIA MO3UTHUBHUM. baraTo KJIi€HTIB BHCIOBIIOE AYMKY, IO
KOMIaHIsAM ciiJ Olibllle BUKOPUCTOBYBAaTH 4Yar-00TiB, ayke HaJaHHA MATpUMKY 24/7 Ta
OTIEPATUBHICTH BIAMOBI/IEH € KIIOUOBUMH 11 KOPUCTYBAUiB.

Kopucmysanucb
4am-6omom 3a
ocmaHHil pik

olo

N
of

Puc. 2 Ilepwuii 00csio KopucmysanHam

OcHoBHI mpoOieMu, MOB'SI3aHI 3 TPATUIIMHUMH YaT-00TaMH, BKIIOYAIOTH TPYIHOLI 3
aJIanTalie€o 0 3MIHIOBAaHOTO KOHTEKCTY O€Ciii, BHUCOKY BapTICTh CTBOPEHHS, OOMEKEHHS B
MYJ'IBTI/ISaI[a‘{HOCTi Ta epcoHati3allii, a TakoX Mpo0IeMH 3 OHOBJICHHSM JIaHUX. BHpOBaI[)KeHH}I qar-
6otiB Ha ocHOBi LLM, Ttakux sk GPT-3.5, BHOCHTB 3HaYHMIA MPOTPEC Yy PO3B'SA3aHHI IIHX npo6neM
MPOTIOHYIOYH TIOKpAIIeHe pOS}’MlHHﬂ KOHTEKCTY, T'eHepaliio Oibll TMPUPOITHOTO TEKCTY, i, K
HACJIIJIOK, OUTBIN TJIaJKy B3aeMOi0 3 KopuctyBadamu. [4] L{i 4aT-00TH TakoX BIJIKPHBAIOTH HOBI
MOYJIMBOCTI Ul Oi3HECy, MOKPALlyI0Yl aBTOMAaTHU3allil0 KIIEHTCHKOIO 00CIyroBYBaHHs, TOUHICTb
BIJITIOBI/IeH HA CKJIJHI 3aIUTH, IIEPCOHAITI3AIliI0 00CITyTOBYBaHHS Ta €()EKTUBHICTh MAPKETHHTOBHX
cTpaterii. Y miacyMmky, BukopuctaHHs LLM uar-00TiB MOXe CYTTEBO BJIOCKOHAIUTH JOCBIJ
CHIUIKYBaHHS 3 KJIIEHTaMH, 3HIDKYIOUH BUTPATH KOMITaHii Ta IMiJBUIIYIOYH 33/I0BOJICHICTh KIII€HTIB.

GenAl He € cTaHAapTU30BaHUM MOHATTAM, ajie 3 CTPIMKUM pO3BUTKOM Al TexHousorii 3a
OCTaHHIN PiK, BiH CTaB 3arajbHOBIIOMUM. [ eHepaTUBHUI IITYIHUN 1HTEICKT 3a3BUYail BITHOCUTHCS
1o cucteM abo anroput™MiB Al, sIKi 371aTHI reHepyBaTH HOBHM KOHTEHT abo AaHi, 110 He Oy SBHO
3aK0JI0BaHi B iX TpeHyBajbHi naHi. Lle Moke BKIIOUaTH, HAPUKJIIAl, CTBOPEHHSI HOBHX 300pakeHb,
TEKCTIB, My3UKH a00 1HIIMX (OpM Mejia Ha OCHOBI HaBYaHHS Ha BEJUKIA KiabKocTi gaHux. Lli
CHCTEMH 4YacTO 0a3ylThCSl Ha CKJIAJHUX MOJEISIX IIMOOKOrO HaBYaHHS, SK-OT I'€HEPaTUBHO-
3maranbHi Mepexi (GAN) abo tpanchopmepni mozeni, sk GPT-3.5 Bim OpenAl. GenAl cnpuse
PO3BUTKY IITYYHOTO I1HTEJEKTY, IO MOXE TeHEpPyBaTH HOBI i1e€i, BUBYATH HOBI 00JacTi Ta
caMoBJOCKOHaoBaTHCs. Bukopucranus GenAl B MapKeTHHTY MOXE PEBOIOLIOHI3YBaTH
CTBOPEHHSI KOHTEHTY, 3a0€3MeUyr04r MEePCOHANII30BaHE CIUIKYBaHHS Ta €()EKTUBHIIIEC BUPIIICHHS
3apranb. [11] Ll TexHosoris 103BOJsiE CTBOPIOBATH OOTIB, SKi MOKPAIylOTh AaBTOMAaTH30BaHI
B3a€EMO/IIT Ta MOXYTh €(PEKTUBHO CIUJIKYBATUCS 3 KIIE€HTAMH, IMITYIOUYH JIFOACHKI po3MoBH. GenAl
TaKO’K JIOTIOMAarae KOHCYJIbTaHTaM, HaJJal0uu JlaHi KJII€HTIB 1 IPOMOHYIOUYH PILIEHHS, 10 MOKpaIlye
yac peakmii Ta epexkTuBHICTH 00ciyroByBanHs. OmHak, BrnpoBapkeHHs GenAl Bkimrodae B cebe
TEXHIYHI Ta OpraHi3aliiHi BHKJIHKH, SIKIi MOTPEOYIOTh OOEPEXHOro MiIXOAy Ul 3a0e3MeueHHs
e(heKTUBHOI 1HTEerpaIlii B iCHyI04l CUCTEMH.
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Pe3yabTaTn

PesynpTaTom ganoi poOOTH € iMJIEMEHTOBaHUI 4aT-00T aCUCTEHT iHTepHET Mara3suny. Jlanuit
4yaT-00T MpaIltoe 3 BCI€I0 BHYTPIIIHIE 0a3010 JaHUX 1HTEpHET-Mara3uny. Haitbiibpima oco0ImuBiCTh
JAHOTO 4YaT-00Ty L€ HOro yHiBepCaJbHICTH Ta JIETKa iHTerpais B OyAb SKUi iHTEpHET-Mara3uH.
Mogens, sika BUCTyHA€ IpoM 4aT-00Ta HE TPEHYEThCS HAa JAaHMX IHTEpHET-MarasuHy, a HIBHJIIE
a/IalITOBYETHCS i HOTO. B naHiii poOoTi BUKOPUCTOBYETHCS MOAETb gpt-3.5-turbo ta gpt-4.

Moaens gpt-3.5-turbo moske 06po6isaTu 10 4096 TokeHiB, ajle TAKOK JOCTYIHUI BapiaHT gpt-
3.5-turbo-16k, sixuii Mmoxe 00poOusiTi 10 16384 ToKeHiB.

3anyck Mozeni BinOyBaeThes 3a gornomoror APl 3anuTy B sSKOMY OAMH 3 IapaMeTpiB €
nepcoHanbHUN Kiod. Lli Mozeni HaTpeHOBaHI HAa BEIMYE3HUX 00’€Max JaHWX, M0 Y BUIBHOMY
JIOCTYIIl, Ta B)XKC HABYECHI BIAMOBIIAaTHM HA THUTAaHHS KOPUCTyBava, a BOT Ha SKI cami — IIe
TOKEHI30BaHU KOHTEKCT, SIKHi IIOBUHEH BMICTUTHCH B MOJICIb. AJITOPUTM pOOOTH YaT 60Ty MOXKHA
PO30UTH HACTYITHUM YHHOM

1. CTBOpeHHs BHYTPILIHBOI 06231 3HAHB [T 4aT-00Ta.

OcCHOBHUI TIPIOPUTET YaT-00Ta MOJIATAE Y 3a0€3MEUCeHHI TOYHOI 1 aKTyalli30BaHOi BiAMOBIi
KopucTyBaueBi. J{s mporo OOT omepye psaoM JDKepen AaHuX, SKi MalTh cnenudiuHy i cTporo
BU3HAYEHY CTPYKTYPY, HAIIPUKJIAJ, HaBey JesKi 3 HUX:

a) JlokyMeHTallist Ipo iHTEpPHET Mara3uH: el pecypc 30epiraeTbes B

dopmatri .md 1 MiCTUTH KJIIOYOBY iH(oOpMallil0 mpo iHTepHeT-marazuH. lle moxke OyTu
iH(opMaIlist PO TEPMiHHU JTOCTABKU, TapaHTIHHI YMOBH, OCHOBHI 3acau poOOTH Ta iHIII 3arajibHi
MUTaHHS, K1 4aCTO LIKABJIATH KOPUCTYBAYIB.

0) baza manux mpoaykTiB: 30epiraeTbcs B hopmari .CSV i MiCTUTh JeTaIi30BaHI crierudikartii,
I[IHU, HASIBHICTH Ta 1HIII XapaKTePUCTUKU TOBAPIB, IPEICTABICHUX Y Mara3uHi.

B) ba3a maHux KopucTyBauiB: Takox 30epiraeTscs y opmari .csv. BaximBowo 0coOIMBiCTIO
€ Te, 0 L 1HpOpMAaLlisl € CTPOro MEepcOHaNII30BAaHO0, J1e¢ KOXKEH KOPUCTyBad 3 meBHuUM ID mae
okpemuii 3amuc. lLle poOutThcs s 3a0e3nedeHHS KOHQIACHINMHOCTI OCOOMCTHX JTAaHUX
KOPUCTYBaYiB.

r) Binryku xopuctyBauiB: Qaiinm, siki 30epiratoTh BIATyKH Ta KOMEHTapi KOPUCTYBaUiB PO
TOBapH a0 CepBic Mara3uHy, MOKYyTh OyTH MpecTaBieHi B popmari .json. Taka cTpykTypa 103BoJIsi€
30epiratu BIATYKM Y BUIJISAI CTPYKTYPOBAaHUX 3alMCIB, 7€ KOXEH BIATYK MOXKE MaTH J0JaTKOBI
MeTasaHi (1ata myOmikaiii, peTHHT TOIIIO).

Mu po361Ba€eMoO JOKYMEHT Ha naparpagu NeBHOI0 po3Mipy — FoJIOBHAa BUMOTa, 400 KUTbKICTh
CHUMBOJIIB BMILIAJIMCh B BX1AHUM 1m1ap Mozeni. [Iponec crumitrinry Oyzae BiApi3HATUCH B 3aJIEKHOCTI
10 opMmaTy HalOUIBII peIeBaHTHOTO (haidiy.

KoskHe 3 nux mxepesn TaHuX CTBOPEHO TaKUM YMHOM, 1100 4aT-00T MIT MIBUAKO Ta €(PEKTUBHO
Joctynatucs 1o MOTpiOHOi 1HQopmalii, pearyioud Ha 3alUTH KOpPUCTyBadiB. Bcl mxepena
3arpy’KaroThCsl Y BEKTOPHY 0a3y 1aHUX.

2. Bu3HaueHHs pejeBaHTHOCTI (airiB /10 3aIUTY KOPHCTyBaJa.

[Ticng oTpuMaHHS 3alUTY BiJ KOPUCTYBaya, alTOPUTM 4aT-00Ta aHaji3ye Horo Ta 3'ACOBYE,
JI0 SIKOTO TUIy 1H(OpMaIllii BiIHOCUTbCS 3anuT. Lle Moxke OyTu 3aranbHa iH(opMallisd Ipo MarasuH,
neraii ToBapy abo 0coOHMCTI AaHI KOpUCTyBaua, 30KpeMa ioro ictopis mokynok. Ha manomy kporii
MU BU3HAYAEMO, B SIKOMY (paiisii 3 BHYTPIIIHIX 3HaHb YaT 00Ta 3HaXOJUThCs iHGOpMaIllisi, HA OCHOBI
SKOI MO’KHA JIaTH TOYHY BIJIIMOBi/Ib KOpUCTyBauy. Jlanpllie MU BU3HAYa€EMO KOHTEKCTH (HaHOLIII
peneBaHTHI maparpadu 10 BXIJHOTO 3anuTaHHSA 3 O0OpaHuX (aiaiB) Ha OCHOBI SKHUX 1 Oyzde
OynyBaTuCh BIAMOBiNb KopucTyBaua. lleii mpoiec Takoxk HasuBaeTbes embeddings creation.
CtBOprOEMO JaH1 eMOEIIHIY MU TEX 3a JJoroMororo Mojeni. [Ionyk pesieBaHTHHUX JTOKYMEHTIB B Be
BiZIOYBa€THCS Ha OCHOBI BX1JJHOTO 3alMUTY. 3alIUT NIEPETBOPIOETHCS HA BEKTOP 3a JOMOMOTO0 MO
Sentence Transformers, sika BUKOPHUCTOBYETbCS ISl KOJYBaHHS TEKCTY B BEKTOPHOMY IPOCTOPI.
Sentence Transformers - 1ie Mmoaens, 3acHOBaHa Ha TpaHc(opMmaropax, sika Oyia HaBYCHA Ha 3a1adi
3Haxo/pKeHHs moniOHux peueHb. Bona BukopuctoBye BERT, RoBERTa, DistilBERT a6o XLM
MOJIeNi JJIsl TeHepallil BeKTOPHUX MPeJICTaBlIeHb pEUEHb.

B naniit po6oti BukopucroByerscst OpenAlEmbeddings a came text-embedding-ada-002.
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Hapinminy Binx BuIe3rajaHux Mojenei, ne input token limit craHoBuTh 256 TOKEHIB, MaHOI BiH
CTAHOBUTH OUJIBII HIXK & TUCHY.

3. HamanHs BiAMOBiAl HA OCHOBI 3HAMIEHOTO KOHTEKCTY.

Ha npomMy kporti 4aT-60T popmye BIANOBIAb HA 3aMTUT KOPUCTYBaya. 3AJICIKHO BiJl TOTO, SIKHIA
KOHTEKCT OyJI0O BH3HAYE€HO Ha TOMEPETHBOMY KpOIll, BiJMOBIIb MOXKE OpaTHCs 3 Pi3HUX JDKEpeE

iHpopmaii, sIK 1 3 BHYTPIIIHBOI'O ONKHCY HPOAYKTY HANpPHUKIAA, TaK 1 JONOBHIOIOYU OIIHC
3araJbHOBIIOMUMH (DaKTaMU, SKUMH MOXe opyayBatu Al Mozens.

a@»
-
E (-\ DOC) %o
,_\‘ = =068

o wopueTyBIA
MpoueC entegiey sonTenci —

samdana [
T

Puc. 3 Apximexkmypa wam-6oma

OpHuM 3 IHTCPYMEHTIB € PeKOMEHJaliifHa cCUcTeMa. [i 3micT myst yar-60Ta e JTOMOMOITH
fioMy 3 BHOIpPKOIO TOBapiB IO IEBHOMY 3amuTy. Y CBOili poOOTi s 3aCTOCOBYIO QJITOPHTM
kosaboparusnoi ¢inerpamnii (Collaborative Filtering, CF) mis cTBopeHHS peKOMEHIAIMHNAX CHCTEM.
CF 06a3syerbcst HA MPUITYIIEHH], 1[0 KOPUCTYBayi, SKi 3rO/HI B OJHOMY BHIIaJKy, WIMOBIpHO, OyIyTh
3roAHi ¥ B iHmuX. Miil migxin BukopuctoBye user-based CF, me pekomeHnanii reHepyloTbCs Ha

OCHOBI moAiOHOCTI Mik KoprucTyBadamu. [1o 3amuTy KopucTyBaya areHT 4ar-00Ty BH3HAUYAE KOJH
BUKOPHCTOBYBATH PEKOMEHALIHY CHCTEMY.

annika.llingerie acucreHT

Mpusit! Bac BiTae po3yMHUIi aCUCTEHT iHTepHeT-MarasuHy annika.llingerie. Yum s Moy
ponomorTu?

Mpwusit MmeHe 3BaTK Mukona!

MpwusiT, Mukonal Sk 5 MOXY BaM AOMOMOTTH CbOTOAHI?

Aka agpeca Ta HoMmep TenedoHy AaHOro iHTEepHeT-MarasmHy

Appeca inTepHeT-MmarasuHy "annika.llingerie" Ta Homep TenedoHy 3rigHo 3 HagaHoi
iHdopmaLii, € HacTynHUM:

e Appeca: YkpaiHa, MicTo /lbBiB, Bynnus Kynbuuuskoi, 200.

Howmep Tenedony: +380 999 99 99.

A 5K 3AIACHIOETECA AOCTaBKA?

[ocTaska B iHTepHeT-MarasuHi "annika.llingerie” 34ilicHIOETBCS B Mexax YKpaiHu yepes cnyxby
aocTtaBkm "Hosa MowTa". Takox 3ragaHo "caMoBMBI3", ane KOHKPETHUX AeTaneu Woao LUboro

NYHKTY He HaBegeHo. AKLO y Bac € gogaTkosa iHdopmauis abo KoHKpeTHI nuTaHHsa, 6yab nacka,
HapauTe ix i 1 6yay paguit gonomorTu!

K MeHe 38aTn?

Bawe imM'st Mukona. Yum s MOy BaM AOMOMOrTU?

Puc. 4 Ilpuknao oemoncmpauii pooomu nam’ami ma 0ocmyny 00 6a3u 3HaHb
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Ha nmanomy mnpwukiaai mpoaeMOHCTPOBAaHE 3allMTaHHS JO BHYTPIIIHBOI JOKyMEHTAIil
iHTepHeT-Marasuny ‘annika.llingerie’. by 3HaliieHnii BiMOBITHHUIA KOPITYC TEKCTY, Ta 30€pe:KeHHMA
B maM’sTi yaty. Ha HacTymHe 3anuTaHHs 4aT-00T 3HaB Jic 3HAWUTH BiMOBIIb Oe3 crienrdikarii Ha3BU
IHTepHEeT-Mara3uHy, TOOTO BIH TaM’sTa€ MOMEpPEeIHi KOHTEKCT. TakoXX $SK BHUIHO 4YaT-00T
3armam’sITaB TIEpPCOHaIbHI JaH1 HaBeJeHI KOpUCcTyBadueM. Yar-00T MOXe BIMOBIATH SK 1 HA TUTAHHS
3 BHYTPIIIHBOI 0a3M JaHWX, TaK 1 BeCTH mpocTy Oecixy. ToOTo uaT 60T € yHiBepCaJbHUM 1 MOXeE
JIOTIOMOT'TH $IK 1 3 HaJJaHHSM Oa30BHUX BiJIITOBI/ICH HA OCHOBI JJaHUX, HA KU BiH OyB HATPEHOBAaHUI
(CommonCrawl, WebText, Bikinezii Ta KOpmycy KHHUTI) Tak i 3 BHYTPIIIHIMH “BIIUTUMH HOMY”
MEPCOHAIBHUMH JaHUMH IHTEPHET-Mara3uHy.

S annika.llingerie acucrenr

0 11221);

Puc. 5 Ilpuknao inmezpayii pekomenoayitiHoi cucmemu 3 4am-60mom

B naHoMy mnpukiaai KopHCTyBau IONPOCUB PEKOMEHMAlil0, ILI0J0 BHOOpPY TOBapy.
TpurepnyBcst iHCTpyMeHT “Recomendation system” Tak sIK 1€l 1HCTPYMEHT MiIXOJAWB HaWKparie.
LLM 3a ponomoroiro Pydantic BU3Haumma mapameTrpu A PEKOMEHAALINHOI CHCTEMH(SKILO
KOpHUCTyBada HeMae B 0a3i, To OyJe 3apeKOMEHIOBAHHMM MPOJYKT IO 3araJibHUM IapameTpaMm) Ta
3anycTuia (YHKII0 peKOMeHAAliiHOI cucTeMu. SIK pe3ynbTaTM MU OTpUMAJM TOBapH, sIKI Ham
MOBEpHYJIa pEeKOMEHJallliiHa CUCTeMa, SIKy B CBOIO 4epry 4ar-00T HaM BHUBIB B 3pYYHOMY JUIs
YUTaHHS opMaTi.

BucHoBku

[Is poboTa akueHTye yBary Ha Ba)KJIMBOCTI Ta MEPCIEKTHUBAX PO3BUTKY 1HTEIEKTYalbHHUX
cUCTeM, OCOOJIMBO 4aT-OOTIB Ta PEKOMEHJAIINHMX CHUCTEM, Y KOHTEKCTI ONTHMi3alii poOoTH
IHTEepHeT-Mara3uHiB. BoHa miaKpeciaroe pojib I1HTEpHET-Mara3uHiB Yy CY4YacHIW eJIeKTPOHHIM
KOMepIIii, X ajanTalilo J0 3MIHIOBaHUX YMOB PHHKY Ta MoTpe0 crnokuBayiB. OcobiuBa yBara
MPUAUBIETBCS PO3POOITI THTEIEKTYaTbHOTO YaT-00Ta, SKUH CIPOIIYE B3AEMOJII0 MK TMOKYIIEM
TarIaToOpMOIO, a TAKOXK BIPOBAKEHHIO PEKOMEHIALINHUX CUCTEM, SIKi MPAIIOI0Th Y CHHEPTIi 3
4yaT-00TOM JJIs HaJaHHS MEPCOHATI30BaHUX MPOMO3UIIN KOopucTyBauaM. BUKOpHCTaHHS METOJIB
MalmHHOrO HaByaHHA, LLM, 3a0e3nedye TOYHICTH Ta €()EKTUBHICTH 3alPONOHOBAHUX DIlLICHb.
[TpakTHyHa IMIUIEMEHTAIlisl Ta Bajijaiis po3poOJeHMX METOJIB 1 IHCTPYMEHTIB MiATBEpaMia iX
e(eKTUBHICTb Ta MPUJIATHICTH [T BUPIIIEHHS peajbHUX 3a/au IHTepHET-Mara3uHiB. Pe3ynbraTu miei
poOOTH BIAKPUBAIOTH HOBI MEPCIEKTUBH JUISl MOAATBIIONO PO3BUTKY IHTENEKTYalIbHUX CHUCTEM Y
cdepi eNeKTpOHHOI KOMepIIii.
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KoBaneBcbkuii C.B., KoBaneBcoka O.C. ([Jonbacvra Oepoicasna mauiunoby0ieHa akaoemis,
m.Kpamamopcox-Tepuonins, Ykpaina)

OCBITHbO-KOHCYJIbTAIIMHUM IEHTP IITYYHOI'O IHTEJEKTY JJIS BCIX

Anomayin: B pobom nadani nepcnexmusu po3sumxy ma coyianbHo2o enaugy. 3asHaueno Kiovoei acnekmu
"Oc6imHbO-KOHCYTLbIMAYIUHO20 YEHMPY WMYHUHO20 inmenekmy", 11020 Miciio 6 pO36UMKY HABUHOK M PO3YMIHHA Y chepi
WMYUHO20 THMENeKNy ceped 6CiX 6ePCme HACENeHHs, CRPUAIOYU COYIANbHOMY MAd eKOHOMIYHOMY NONINUEHHIO Micmd.
3anpononosani pexomenoayii st 3a1y4eHHs NIOMPUMKU 80 61ACHUX CIPYKMYP MA KPYRHO20 Di3HeC).

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 OCBiITa cTae cTpareriuHuM (hakTopoM Juis 3abe3neueHHsl CTabiIbHOTO
€KOHOMIYHOTO PO3BHTKY Ta YCHIIIHOI iHTerpamii B rio0anbHy criibHOTY. KirouoBe 3HaYeHHS B
IIbOMY KOHTEKCTI Ma€ CTBOPEHHs "OCBITHbO-KOHCYJIBTALIHHOIO LIEHTPY IITYYHOTO IHTEIEKTY", AKU
CHPSIMOBAaHUN Ha PO3BUTOK PO3YMIHHS Ta OCBOEHHS OCHOBHMX HAaBHYOK B Taily3i 3aCTOCYBAaHHS
IITYYHOTO 1HTEJIEKTY Ha HEHPOHHHUX MEpeKax.

upokuii Hiana3zoH Oporpam.

Lentp BimkpuTuil JUIs BCiX TpoMajasH MicTa, HE3aJEKHO Bi BiKy, OCBITH 4M mpodecii.
[Tpononyroun iHHOBaMLIKHI MPOrpaMu Ta KOHCYnbTalli, LleHTp Mae Ha MeTi BiAMOBiAaTH MOTpedaM
PI3HUX COIIABHUX TPYIIL.

KapaunanbHe HOJINIIeHHs COLiaIbHOTO Ta €KOHOMIYHOTO IPOCTODY.

CrBopenns lleHTpy chopsMoBaHe Ha KapJAWHAJbHE IOJIMIICHHS COLIAJbHOIO Ta
€KOHOMIYHOTO PO3BHUTKY MiCTa, MalOYH Ha yBa3i:

e 3MEHILIEHHS COLIaJIbHOT HEPIBHOCTI, HA/1al0YM JTOCTYII 10 OCBITH Ta MPOo(eciitHOro po3BUTKY
yciM BepCTBaM HaCEJIEHHS.

o [liBUIIIEHHS SIKOCT1 )KHUTTSI, 3a0€3MeUy0UH rpOMaisTHaM KOHKYPEHTOCTIPOMO>KHI 3HAHHS Ta
HaBUYKHU, HEOOX1/IH1 AJIs YCIIXY B €pl HOBUX TEXHOJIOT1H Ta IHHOBALlIH.

e CpusiHHS €KOHOMIYHOMY PO3BUTKY 4epe3 3aJlyueHHs 1HBECTHIIM Ta CTBOPEHHS HOBUX
poOOUUX MiCIIb.

LleHTp sIK KaTadi3aTOp 3MiH

OuikyeTbes, 1Mo LleHTp cTaHe MOTY)XHUM KaTadi3aTOpOM MO3UTUBHUX 3MIH y MICTI,
CIPUSIFOYM CTBOPEHHIO OUIBII 1HKIIO3UBHOTO Ta CIPABEIMBOIO CYCIIJIBCTBA.

PexomeHalii Juis DiATPUMKH HEHTPY

Jlnig yenimHoi peanizaiii NpoeKkTy, HE0OX1aHO:

e [IpuBepraru yBary BIacHUX CTPYKTYp 1 KpPYIHOro Oi3Hecy. 3aly4eHHs CUIbHUX apTHEPiB
3a0€3MeUnTh PECYPCH Ta EKCIEPTHY HiATPHUMKY.

e Po3po0nsTH 4iTKY cTparterito, sika BpaxoBye MOTpeOU CycHiibcTBa Ta mapTHepiB. Lle
703BOJIUTH LIeHTpY e(heKTUBHO B3aEMOIIATH 3 PI3HUMH 3aI[IKaBIICHUMH CTOPOHAMH.

3a 101oMororo nux 3axo/iB "OCBITHbO-KOHCYIbTALIHHHUH LIEHTP IITYYHOT'O IHTEIEKTY" MOXe
CTaTH JDKEPEJIOM TOAAIbIINX MO3UTUBHUX 3MiH ISl HAIIIOTO MiCTa.

Konkperni npuxmagu Toro, sk LIeHTp MoXe JOMOMOITH MOKPAIMTH COLIaJbHHUMA 1
€KOHOMIYHUH MPOCTip MicTa:

e [[eHTp MOXe HaJaBaTH OE3KOLITOBHI a00 JOCTYIIHI 32 LIHOI KYpCH 3 IITYYHOI'O 1HTEJIEKTY
JUIs JIFO/IeH, IKI HE MalOTh MOKJIMBOCTI OTPUMATH OCBITY B TpaAMLiiHOMY yHiBepcuTeTi. Lle
JIOTIOMO’KE€ 3MEHILIUTH COLIaJIbHy HEpIBHICTh 1 HA/JaTH MOXJIUBICTH JUIsI IpodeciiiHoro
PO3BHUTKY JIFOJSIM 3 YCiX BEPCTB CYCHIbCTBA.
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e [[enTp MOXke pO3pOOIATH MpOTpaMy HABYAHHS, AKI aJanToOBaHi A0 MOTPEO PIZHHUX TPy
HaceneHHs. Hanpuknan, ans mroneit noxunoro Biky LleHTp Moke 3anponoHyBaTH KypecH 3
HITYYHOTO 1HTEJEKTYy, SIKI JOMOMOXYTb IM BHUKOPHUCTOBYBAaTH HOBI TEXHOJIOIii B
MTOBCSIKJICHHOMY JKUTTI.

e [[eHTp MOXKE CIIBIIpAIIOBAaTH 3 MICIEBUMH ITIANMPUEMCTBAMH, 1100 PO3POOUTH IPOrPAMH
HaBYaHHs, SKi BIJIMOBIAIOTH MOTpeOaM IXHIX mpamiBHUKIB. Lle mormomMoke MigBUIINATH
MPOAYKTHUBHICTD MpalLli Ta 3a0XOTUTH IHHOBAIII1 B MiCIIeBOMY Oi3HeEC.

Ocob6auBOCTI 3aCTOCYBAaHHS MOKIMBOCTEH IITYYHOTO IHTENIEKTY

Inest OCBITHBO-KOHCYIBTALIHHOTO IIEHTPY MTYYHOTO IHTEIEKTY Ma€ OCOOJIMBI aKLIEHTH came
Ha BUKOPUCTaHH1 0COOIMBOCTEH 3aCTOCYBaHHS MOKIIMBOCTEN IITYYHOTO 1HTENEKTY. Lle o3Havae, 1o
B LIeHTpi HE MPOCTO HABYATHMYTH JIIOJICH OCHOBAM INTYYHOTO IHTEJEKTY, a i JOMOMaraTUMyTh iM
PO3BUHYTH HAaBUYKHU Ta 3HAHHA, HEOOX1AH1 1J1s1 €()eKTHUBHOIO BUKOPUCTAHHSA IITYYHOTO 1HTEJIEKTY B
peaJbHOMY CBITI.

Jlesiki 3 0COOJIMBOCTEH 3aCTOCYBAaHHS MOXKJIMBOCTEW INTYYHOTO IHTEJEKTY, Ha SKi imes
[lenTpy poOUTH OCOOJIMBUI AKLIEHT, BKIOYAIOTh:

e [HTerpallis ITY4YHOTO IHTENEKTYy B pi3Hi chepu xutTsa. LTyuyHuil iHTEenekT Moxe OyTH
BHKOPHUCTAHHMH B Pi3HUX cepax KUTTS, TAKUX SK Oi13HEC, OCBITa, MEIUIIMHA, TPAHCIIOPT Ta
iHmi. LleHTp nomomarae JIOASM 3pO3yMITH, SK IITYYHHH 1HTEJNEKT MOXKe OyTh
BUKOPUCTAHM JUISI BUPIIICHHS] KOHKPETHUX MPOOJIEM 1 OKPAIEHHS SIKOCT1 KUTTSI.

¢ ETHKa BUKOPHCTAHHS ITYYHOTO 1HTENEKTY. BUKOpHUCTaHHS IITYYHOTO IHTEJIEKTY MOXKE MaTh
SIK TIO3WTHBHI, TaK 1 HEraTWBHI HACHiAKU. [[eHTp HaBUaTUME JIFOJIEH TIPO ETHYHI aCIEKTH
BUKOPHUCTAHHS IITYYHOTO IHTEJEKTY Ta MPO T€, K BUKOPUCTOBYBATHU IITYYHUN 1HTEIEKT
BiJINIOBITAJTEHO.

e besneka Ta Oe3neka BUKOPUCTAHHS IITYy4HOro iHTenekty. LITyuyHuil iHTeIeKT Moxke OyTH
BUKOPHUCTAHUIA 1711 CTBOPEHHS HOBUX 3arpo3 Oe3neli Ta 6e3nerri. LlenTp HaBuae mrozeit mpo
MOTEHIiHI 3arpo3u, TOB'A3aHI 3 BHKOPUCTAHHSAM INTYYHOTO IHTENEKTY, Ta MPO Te, SK
3aXMCTUTHCS BiJl IIUX 3arpo3.

LleHTp TakoX JOMOMaraTuMe JIFO/ISIM PO3BUBATH HABUYKH KPUTUYHOTO MUCIICHHS Ta aHAJIi3y,
HeoOX1/1H1 A eeKTUBHOTO BUKOPUCTAHHSA IITYYHOTO 1HTEIeKTY. L1 HaBUYKHM T0mOMararoTh JHOISM
OILIIHIOBAaTH JOCTOBIPHICTh 1H(OpMallli, siIka TeHEepyeTbCsd IUTYYHUM IHTEJIEKTOM, 1 MpHuilMaTu
OoOI'pyHTOBaHI pillIeHHS Ha OCHOBI 1i€i iHpOpMAaLii.

3a 10noMOroro IMX 3ycwiib LIeHTp gormomaraTume JIIoAsiM 3pO3YMITH, SIK IITYYHUHN 1HTEIEKT
Moke OyTH BUKOPUCTaHMH Ui BUPIMICHHS KOHKPETHUX IMPOOJIEM 1 MOKPALEeHHS SKOCT1 JKUTTS,
MJIaHyBaTH Oy/b SIK1 3aXOJM 1 BTUTFOBATH iX B JKUTTS Ha IMIJICTaBl ONTHUMI3aIlli BUKOPUCTAHHS BCIX
HasIBHUX PECYpCiB.
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YK 004.032.26

Maiictpenko O.C., Kimomun J.A. (Kuiscokuii HayionanvHuti yHigepcumem iMeHi
Tapaca lllesuenxa m. Kuis, Ykpaina)

JAIA'HOCTHUKA PAKY MOJIOYHOI 3AJ103H1 3A JIOIIOMOI'OIO
3rOPTKOBOI HEHPOMEPEXI I ®PAKTAJIBHOI'O AHAJII3Y SIIEP
BYKAJIBHOI'O EHITEJIIIO

Anomauia: Mema nybaikayii — onucamu HO8Ul epeKmusHull Memoo CKPUHIHZY paKy MOIO0YHOI
3an03U, 3ACHOBAHUL HA OOCHIONCEHHI (PAKMAIbHUX 61acmusocmell XpoMamuHy 6 noghapboosanux 3a
Denveerom 20pax OYKKATbHO20 enimenilo 3a 00NOMO2010 MAwUHH020 Haguanus. Cnouamky tide KOpomKuil
0271510 OOKYMEHMI8 NPO 3MIHU, NO8 SI3AHI 3i 3/I0AKICHUMU HOBOYMEOPeHHAMU. [lani onucano mopgomempuure
00CHIOIHCEHHA MA AHALI3 300PAaXCeHHs 3MIHU, N08'A3aHI 3i 3N0SAKICHUMU HOBOVMBOPEHHAMU 8 OYKAIbHOMY
enimenii. Ilicis ybozo onucyemvcs gpaxmanvHull ananiz xpomamury. Marouu gppaxmansHy inmepnpemayiro
BXIOHUX 300padicendb, 0)10 N0OYOYEAHO 320PMOYHA HEUPOHHA MepexCcd 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 malignancy-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.

CyuacHuii CTaHZapT JUIS JIarHOCTUKM paKy MOJIOYHOI 3aI03W BKJIIOYAE IPOBEACHHS
KIIIHIYHOTO OOCTeXeHHs, Mamorpadii Ta acmipauiiinoi Oiomcii. Lleit minxix 3a0e3mneuyye BUCOKY
TOYHICTh JIarHOCTUKH, MpOTe Mamorpadis BKiIOYae B ceOe BIUIMB pajiaiii, a mporeaypa
acmipariiiiHoi Giorcii MOXXe MPU3BOAUTH O YUIKO/UKEHHS NMyXJIMHHU. Lle mpoTupiuuTh BUMOram
0e3neKy Npy CKPUHIHTY, TOMY BEIMKOI0 HEOOX1JHICTIO € po3poOKa e(peKTUBHOTO METOy CKPUHIHTY,
skuii OyB OM HeiHBa3MBHUM 1 OesnedyHuM [1]. Takum 4MHOM, MU MPOMOHYEMO BUKOPUCTOBYBATH
HEIHBa3MBHI METOAM JOCHIDKEHHS 3MiH, MOB'SI3aHUX 13 3JIOSIKICHUMH HOBOYTBOPEHHSMU B
iHTep(da3HuX AApax OYKKaIbHOIO eMiTEeNito.

[Tepmri moBitoMIIEHHS PO 370SIKICHI 3MiHU 3'sBHIIMCS B 1960-X pokax, KO OyJo IIMPOKO
BUBYEHO BMICT X-XpOMAaTHHY B COMAaTHYHUX KJIITHHAX 1 BUSABJIEHO HOro jgaligbHICTh MPH PI3HUX
(GYHKIIIOHaJIbHUX 3MIHAX OpPraHi3My 1 3arajlbHOCOMaTU4HOi natojorii. [lpu HasBHOCTI B opraHi3mi
NYXJIMHU CIIOCTEPIraloThCsl 3HAYHI 3MiHM BMICTy X-XpOMaTuHy B OyKaJbHOMY emiTenii Ta
HerTpodinax nepudepuynoi kpoBi. Takox Oyn0 MOKa3aHO, IO 3MIHM KUIBKOCTI KITHH 3 X-
XPOMAaTHHOM 3yMOBJIEHI OPYIIEHHAMH (PYHKIIIOHAIBHOTO CTAaHY T€TEPOLMKIIYHOI X-XPOMOCOMH.

Oco0OnuBHil 1HTEpEC NPEICTaBISAIOTH POOOTH, IIO IMOKA3yIOTh 3MIHH B €MITETIONUTax
OYKKaJIbHOT'O €MiTeNil0 y XBOpHUX Ha myxJiauHU. Tak, y 1960-x pokax H. Hibyprs3 i iioro criBaBTOpH y
[2] nOBiIOMMIM MIPO XapaKTepHUN MEepepo3MOoJIil MaC XpOMAaTUHY B COMAaTHYHUX KIITHHAX Y 77%
XBOPHX Ha PaK 1 Ha3BaJIM 11l 3MIHU MyXJIMHOACOLIHOBaHUMH 3MiHaMHU. OCTaHHI XapaKTepu3yBalIuCs
301IBIIEHHSAM PO3MIpIB SAEp €MITETIONUTIB, 30UIBIIEHHSIM PO3MIPIB 30H «0OOMEXKEHOT0» XPOMAaTHHY,
K1 OynM OTOYEHI CBITJIMMH 30HaMH. Taki % 3MiHU CIIOCTEpiralnucs B KJIITHHAX MEYiHKH, HUPOK Ta
1HIMX opraniB. Takox OyJi0 OB1IOMIIEHO, 1110 3MiHH, MOB'SI3aH] 31 37I0SIKICHUMU HOBOYTBOPEHHSIMU
criocTepiranucs B OykajabHOMYy ermitenii 74% maiieHTiB 31 370sAKiCHUMH TyxiuHamu. [lokazaHo
301nbIeHHs Bmicty JIHK y siapax emiTenionuTiB y XBOPUX Ha 3JI0SKICHY MEJIaHOMY MOpPIBHSHO 3
NPaKTUYHO 3/I0POBUMH KiHKaMu. BogHOYAacC BUSBIIEHO 3MEHILIEHHS KITBKOCTI XpOMATHHITO3UTHBHUX
KIITUH (X-XpoMaTHH) y XBOPHX Ha 3JI0AKICHY MEJIaHOMY IOPIBHSHO 3 TAaKOIO Yy MAII€HTIB 13
JNOOPOSIKICHUMH HEBYCaMM Ta B KOHTPOJIbHIN Ipymi. Y XBOPHUX Ha paK MOJIOYHOI 3a703U BHSBJIICHO

100



3outbmenHs Bmicty JIHK Ta po3mipy iHTepdaszHux suep OyKKalIbHOTO emiTemito. AJe IesKi aBTOpr
pu IUTOCeKTpooToMeTpuHOMY BH3HaveHH1 KibkocTi JJHK B emitemiomurax OyKKaJIbHOTO
EMITENII0 Y YOJIOBIKIB 3 €MiTeNiOMOI0 OPOHXIB HE BUSBHIIM ICTOTHOT PI3HUII MK ITUM MTOKa3HUKOM Y
XBOPHX 1 MaiykKe 3JI0POBHX YOJIOBIKIB [3].

[Tiznime Oyma 3poOneHa cnpoba BUKOPUCTATH 3MiHM OYKKaJIBHOTO CMITENII0 IS
XapaKTepUCTUKU BIUIMBY NYyXJMHM Ha 11 craH. Takox Oynu crnpoOu oXapakTepusyBaTu Ta
OOIPYHTYBaTH MOXJIMBICTh BIUIMBY IMyXJIMHU Ha (YHKIIOHAJIBHHUNA CTaH OYKKAJIBLHOTO CIMITENiIo0 3
METOI0 BUKOPUCTAaHHS OTPUMAHMX JAaHUX JUUISl XapaKTEPUCTUKHU Mepediry mpoiecis, 10 Big0yBaIucs
B OpraHax, BiJJaJICHUX BiJl yXJIMHH, Ta BUSBJICHHS 3aKOHOMIPHOCTEH, 1110 XapaKTepU3yIOTh Iepedir
1ux nporieciB. Y 77% maliieHTiB 3 MyXJWHAMH PI3HOI JIOKaJIi3a1lii (KapiuHOMH, JTiM(GOMHU, CEMIHOMH)
CTHIOCTEPIraloThCsl MOPYIICHHS, 110 BUPAXKAIOTHCA 3MIHAMH SIIEPHOTO MaTepiaily, HEOJAHOPITHICTIO
PEUOBUH XpOMATHHY Ta 3MiHaMH siiepHUX MeMOpaH. KputepismMu OLIHKHM MyXJIMHHO-ACOIIHOBAaHUX
3MiH Oynu uTodoromMeTpuyHi fociikenns BMicty JJHK, po3mipiB siapa i HuTOIIIa3Mu MyXJIuHHAX
KJIITHH, XapaKTepy PO3MOIiTy XpOMaTUHY B spi. Ajie HE BIAIOCS BUSBUTH YiTKI 3aKOHOMIPHOCTI,
BJIACTUBI MYXJIMHHOMY NpOIECY, KpiM 30UIBIICHHS PO3MIpPIB sAep MyXJIWHHHUX KIITHH 1 3MiHH
AIEPHO-IIUTOIUIA3MATHYHUX BimHOCHMH. OAHAaK He MoKHa Oyllo 3amepedyBaTd, IO BHSBJCHI
MOPYIICHHS MMOB's13aH1 3 BIUIMBOM IYXJIMH Ha (YHKIIOHAJILHUH CTaH CIM30BOT 000JIOHKH TOPOKHUHU
pora.

VY [4] 6yn0 BusiBieHo, mo ynakoBka JIHK y kniTunHux siapax mae gpakraibHi BIACTUBOCTI,
to6to JIHK 3akpydena sk TpuumipHa kpua [leano. OOnacTio 1HTEHCHUBHHUX JIOCIII)KEHb CTaB
¢dpakranpHui aHami3 KIiTHH. @pakTaqbHy PO3MIPHICTH BBaXKalOTh €()EKTHBHUM IOKa3HHKOM
TFEeTEPOreHHOCTI KJIITHH KOMIUIGKCHOI Timepruiasii eHmomeTpis Ta 1go0pe audepeHIiioBaHol
€HJIOMETPIO0iHOT KapIIMTHOMH, & TAKOX SIK MPOTHOCTUYHHUN (DAKTOp JUTs BIDKMBAHHS TPU MEIaHOMI,
JeiikeMii Ta IHIIUX 3aXBOPIOBaHb. Takok OyiaM MOCHIHKEHHS, K1 MOKa3ajid 3HAYHUN MOTEHIliaT
(dpakTaIbHOT PO3MIPHOCTI I OMIHKU Mopdoioridaux ganux. OIHAaK BOHU OYJIM 30CEpe/KCHI Ha
MyXJIMHHUX KJIITUHAX, @ HE Ha KJIITUHAX OyKKaIbHOTO emiTelnito. TakuM 4YnHOM, MOKHA MPUITYCTUTH,
mo (pakTanbHi BIACTHBOCTI BiJOOPaXarOThCS Ha PO3MOALIL XPOMAaTHHY B AApax OYKKaIbHOTO
EMITENII0 1 MyXJIMHA MOKEe BIUTMBATH Ha IIeH PO3MOALI, BUKJIMKAIOYU 3MIHU, OB’ sI3aH1 31 37T0SIKICHUM
HOBOYTBOPEHHSIM.

VY po6orti [3] Oy10 gocikeHo KOHTPOJbHY rpyity (29 ocid), rpymy XBOPHX Ha pak MOJIOYHOT
3ano3u Il craxii (68 xBopux) Ta rpyny xBopux Ha (ibpoamenomaros (33 xBopux). Yci IiarHo3u
nepeBipeHi rictosioriuno. Mopdomoriunuii HalOip ganux ckiaaascs 3 20256 300paxenp iHTEpda3zHUX
saep OykkanpHOTro emitenito (6752 simpa, CkaHOBaHMX Y TPHOX BapiaHTax: 0e3 QiibTpa, uepe3 KOBTHI
¢inbTp 1 yepes ¢ioaeToBuil GiabTp).

MopdonorivHIMH MaTepiajaMu € Ma3Kd eMITENIONUTIB CIM30BOT OOOJOHKUA TOPOKHUHHU
poTa cepeaHbOi I'TMOMHU OCTHCTOTO IIapy, BUCYIIEHI NMpHM KIMHATHIM Temmeparypi, (ikcoBaHi
cymimmito Hikidoposa Ta 3abapsineni 3a Genbrenom xonoaaum riaponizom y HCI mpotsirom 15 xB
npu t = 21-22 C. Xpomarus, nopap6osanuii deapreHoM, aHamizyBajlu 3a JOIMOMOT0K0 aHajlizaTopa
Olympus, o ckimagaerses 3 mikpockora Olympus BX, kamepu Camedia C-5050 3 udposum 3ymom
1 KomMI’orepa. Y cepeHbOMY KOXKEH Ipenapar CKIaJaeTbes 3 52 KIITHH y KOKHOMY Ipernapari.
Bwmict IHK-pykcuHy B sijpax emiTeIioLMTIB PO3PaxOBYBaJIM SIK JOOYTOK ONTHYHOI T'YCTHHH Ha
wioiy. Y pe3ynbTaTi MepuIoro eTamy aHaiizy 0yjao oTpuMaHo 300paskeHHs PO3MOALTY XPOMaTHHY Y
BUIJIAJII MaTpulli po3mipom 128x128 mikcenis.

Hawmararounce BijoOpa3uTH (ppakTaibHHU XapaKkTep pO3MNOJULY XpOMaTHHY Ta 3a0€3MeUUTH
1HBapiaHTHICTH MIOJI0 TIOBOPOTY 300paxkeHHs, 0yJI0 MO0y IyBaHO KPUBY 3allOBHEHHS MPOCTOPY, IO
MIPOXONTh YePe3 KOXKEH IMIKCEeTh 300pakKeHHsI Ta IMOCTII0BHO 3unuTaHo 3HaueHHS RGB kombopis
miKCcelNiB 300pakeHHs, a He PAJIOK 32 PAIKOM. Y pe3yabTaTi MOKHA BiIOOpa3UTH MATPHULIO MIKCEINiB
Ha TpU BEKTOPH, LIO BIAMOBIIAIOTH TPbOM KaHaiaMm KojipHoi moneni RGB. B sxocti kpuBoi
3aMOBHEHHS IPOCTOPY 0Yy/10 BUKOPUCTAHO KpUBY CepIiHCHKOTO.
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[lepen 3acTocyBaHHSM METOAIB aHali3y (GpakTaJIbHOTO 300pakeHHS HOro HEoOXigHO
nonepenHpo oopodutn. s mporo y pobori [3] Oymo 3actocoBano merox Otcy. el meron
BUKOPUCTOBYETHCS JUIsI BUKOHAHHS MOPOroBoi OiHapu3allii HalliBTOHOBUX 300pakeHb. AJTOPUTM
nepeadavae HasSBHICTh JBOX KJIAciB MiKceliB (OCHOBHUX 1 (POHOBHMX) Ha 300pakeHHI 1 IIyKae
ONTUMAJILHUH TOPIT, KU PO3iJse iX HA JIBa KJIacH, mo0 X BHYTPIIIHHOKIACOBA AHCIEpCis Oyia
MiHIMaJIbHOIO.

IcHye kinbka MeTOIiB OOYMCIIEHHS (pakTanbHOI po3MipHOCTI 300pakeHHs. Y [3] Oyno
o0paHO Moka3HUK XepcTa, TOMY IO BiH AY)X€ MIAXOAMUTH AJIS MOCHiIoBHOrO aHamizy. [lokasHuk
Xepcra noB's3anuii 3 PppakransHO0 po3MipHicTIo D dpopmynoro H=2 —D.

BiamoBimHO 10 moka3zHWKa XepcTa MOKHA KiIacH(iKyBaTH TOCIITOBHICTh JaHUX 3a iX
xaoTHYHUMH BiacTuBoCcTAMU. Skmo 0 < H < 0,5, mocmiioBHICTh BBAXKAETHCS €ProIMIHOI0, TOOTO
SIKITIO TIOCJTIIOBHICTh 301IBIITMIACS B MTONEPEIHHOMY CETMEHTI, BeJTMKa HMOBIPHICTh TOTO, IO BOHA
3MCHIIUTHLCS B HACTYITHOMY CErMeHTi, 1 HaBnaku. Skmo H = 0,5, To mochiioBHICTh € XaOTHYHOIO,
TOOTO 1X 3HAYCHHS HE BIUIMBAIOTHh Ha HACTYMHI 3HaueHHs. Skmo 0,5 < H < 1,0, To moci10BHICTh €
TPEHIOBO-CTAOUIBHOIO. SIKIO TOCHIIOBHICT y TIONMEPEAHBOMY CETMEHTI 30UIBIIYeThCS a0o
3MEHIIY€EThCS B IONMEPEIHbOMY CETMEHTI, BOHa IyXe HMOBIpHO 30epeke IO TEHICHIIO B
HacTymHoMy cerMeHTi. Slkmo H > 1, To mociitoBHICTh € (hpakTaTbHUM BUIIAJKOBUAM IPOLIECOM i3
He3aJIeKHUMHU CTPUOKaMU aMILTITYAH, BUKOPUCTOBYIOYH po3mo1ii JIesi.

B pesynbrari, Uis KOKHOTO MAaIllieHTa JaHi MpeAcTaBisuin 3 cebe TpboxkaHalbHi (RGB)
BHOIpKM (PpakTabHUX pPO3MIpHOCTEH syep. BuOIpKHM ICTOTHBO BIAPI3HSAIMCS 3a KIIBKICTIO
esleMeHTiB. ToMy IpH MiAroTOBII JaHUX Mepe] HaBYaHHIM HEHPOHHOI MEepexi It KOXKHOT BUOIPKU
Oys10 00YKCIIeHO N KBAHTUIIIB, /Ie N — KIJIbKICTh €JIEMEHTIB y HalilMeHIIi# 3 Bubipok (puc. 1).

value

]
[s=]

[
(=
=
[

I
=]
on
o
[==]

quantile

Puc.1. Ilpuknan y3araabHEeHHS! HABYaJIbHUX BUOIPOK Yepe3 KBaHTUIII

BHacniiok npoBeieHHX eKCIIepUMEHTIB Oyia po3po0iieHa 3ropTKoBa HEHPOHHA Mepexa JIs
kjacudikamii 1aHUX, siIka BKIIOYAE PsAJl KOMIIOHEHTIB: 3ropTkoBi mapu Convld, mapu myiiHry,
MOBHICTIO 3'€/IHaH1 MIapH Ta MIapy HOpMali3alii Ta peryispusaiii. ¥ npsaMomy MpoxoJii BXilH1 AaHi
MPONIIOBIIM 3TOPTKOBUM IIap, MPOXOJATh Yepe3 I[Iapu MYIIHTY Ta MOBHICTIO 3'€[HaHI IapH,
3a0e3meuyroun KOMIUIEKCHY 00poOKYy 1 amamTaiiito 1o ocoomuBocteit nanux. Convld e kmrodoBuM
KOMIIOHEHTOM apXITEKTypU MEPExXi 1 MpU3HAUYEHUH U1 BUSBJICHHS JIOKAJIbHUX MaTEPHIB y BX1THUX
nanux. 3roptkoBuit map Convld no03Bossie Mojieni epeKTUBHO aHaANII3yBaTH MPOCTOPOBI OCOOIMBOCTI
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Yy BXIIHMX JaHHWX, BUKOPUCTOBYIOUM SIPO 3TOPTKH Ta BPaxoBYIOUW oOcAT iHGOpMarlii 3aBIsKu

napameTpy padding.

Jis BHIUIEHHST TPUXOBaHUX O3HAK B HABUAIBHUX JIaHUX OyJI0 MPOBEICHO JCKiJIbKa
EKCIICPUMEHTIB 3 TIOYaTKOBUMH IapaMu HEWpOHHHOI Mepexi. Halikpamii pe3ysibpraté BAaiocs
OTPUMATH 3 OJHOMIPHMM 3TOPTKOBUM IIapOM Ha BXOAl MOJENi. 3a JOMOMOTOI0 3TOPTKH Oyio
BHUJIJIEHO Kk MPUXOBaHMX IMOCIIIOBHOCTEH MEHIIMX I10 JOBXKHHI 3a BXIHY, SK1 J1aji Tepe1aBaInucs
miMepexi, Mo cKiIanaeTbes 3 nekinbkox fully connected mrapis.

Mozens 3 OJHOBHUMIPHHMH 3TOPTKOBHMH IIapaMH BHSBISETHCA TYyXKe €()EKTUBHOKO Y
knacudikamii manux 3aBasku 3gaTHocTi Convld Bumimstu nokanbHi ocoOmmBocTi. [loBHICTIO

3'€JTHaHI MapH Ta Mapy HOpMai3aiii 10Jal0Th THYYKOCTI Ta CTablIbHOCTI Mojieni. (puc. 2.)

conv1.weight
(64, 3, 3)

! .

[Accunulatecrad | [ Accunulatecrad |

convl.bias
(64)

ConvolutionBackwardd

ReluBackward®

UnsqueezeBackwardo

MaxPool2DWithIndicesBackward®

fcl.weight
512, 646)

[ AccunulateGrad |

f‘(‘S'l"ll]“ [[SaueezeBackuardl |

[[AccumutateGrad | [ReshapeAliastackwardo | [ TBackwarde | "”‘('S‘fllfht ""‘15'1"2‘)“

| AddnnBackwarde |

[Accumutatesrad | [Accumilatesrad | | fEZveiaht

fc2.bias 2
2 [ Nat iveBatchiio mBackwardo |

[ Accumitatetrad |

‘ /
[Accumitatesrad | [ReluBackwards | [ TBackwarde | [ PnZueight Lo blas

[[Addnngackwardo |

[(Acamutatesrad | [Accumilaterad | | fo3:v=00

fc3.bias -
2 [ NativeBatchtiormBackwardo |

[[Accumutatecrad |

[accumtatecrad | [ ReluBackwardo | [ TBackvardo |

Puc. 2. ApxiTekTypa Mojeni

bn3.bias
(128)

AddmmBa ckward@

[(accumutateerad | [(accumutatesrad | | FE5-velght

[Accumutatesrad |

fea-ias | [nativeBatchiormBackwardo |

[[Accumutatesrad | [ Relusackwarde | [ TBackwa

rdo |

AddmmBac kward@

[ Accumulatesrad | [ Accunulatecrad |

bna .weight bn4.bias
(2) 2)

NativeBatchNormBackward®
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Jnst MmoHiTOpUHTY HaB4YaHHs Mepexi Oymo oopano ROC AUC — mipy TOYHOCTI Ijis 3a1a4
kiacudikarii mpu pisHUX MOPOrOBUX 3HAUYECHHIX. MOXKHA MOOAYUTH, 1O 3 OLIBIIOI KUIBKICTIO €110X,
MOJIEJh JIOCSTa€e BIIEBHEHUX PE3YJbTATIB HA TECTOBOMY JAartaceTi. (puc. 3.)

Test ROC AUC

1.0 A

0.9 1

w 0.8 A

0.7 1

0.6 -

0 5 10 15 20 25 30 35 40
Epoch

Puc. 3. I'padix ROC AUC Ha TecTOBHX JaHUX ITiJ1 9aC HABYaHHS MOJIEII.

3a paxyHOK CHEHHM(IYHOCTI JaHUX Ta 3amadi, MOTpeOyBaMCS JOAATKOBI MITXOIH JUIS
3a0e3nedeHHs cTabiTbHOi poboTr Moseni. Lliel ini Oyno 1ocATHYTO 3a paXyHOK Cy4aCHHX ITiIXO/iB
B ONTUMI3aIlii HelpoMepex, 30kpeMa batch normalization Ta dropout.

Jlis  eBamroarii  pe3ysibTariB  Mojaeni Oylo IMPOBEIEHO JCKiIbKa EKCICPHUMEHTIB.
TpenyBanbHMI gaTaceT He OyB PIBHOMIPHUM — KUIBKICTh €JIEMEHTIB B OTHOMY 3 KJIaciB IepeBakasia
— TOMY 3a OCHOBHI METpHKHU Oysi0 00paHO 4yTiMBICTh (precision) Ta cneuudiunicts (recall). o6
BCTAaHOBUTH 0a30BHH piBEHb AJISI METPHK, CIIOYATKy OyJO0 BUKOPHCTAHO BUIAJAKOBY Mojeib. [laii
OyJ10 MOPIBHSIHO Bl HEHpoMepexi, OCTaHHS 3 SKUX Maja 3TOpPTKOBMM IIap, 1€ Jajo MPHUpICT B
3HaUEHHSIX METpHK (Tadm. 1.)

BunaakoBuii FCN FCN+Convld
reHepaTop
Yyrnusicts (precision) | 0.56 0.83 0.94
Crertudiunicts (recall) | 0.49 0.8 0.91

Tab6mn. 1. [TopiBHAHHS pe3yabTaTiB pi3HUX Mozeen

BUCHOBKU
VY 1upoMy JOCHIIKEHHI OMUCAHO YCIIIIHY PO3pOOKY 3TOpPTKOBOiI HEMPOHHOI Mepexi Uis
IPOTHO3YBAaHHS PaKy MOJIOUHOi 3ajo3u. BXiiHI JaHI BKIIIOYAIOTh TPhOXKAaHAJIbHI BUOIPKH, SIKi
MPEJICTaBIISIIOTh KOJBOPOBY 1HGOpPMAII0 3 TPhOX OCHOBHHMX KaHaIIB: YEPBOHOIO, 3€JIEHOr0 Ta
cunboro. {06 crannaptusyBaru 1 1aHi, BOHM po30uTi Ha N KBaHTHII.

ApxiTeKkTypa Mozl BKJIOYae B ceOe MeplIuil map y BUIVISII HETUIOBOI OJHOMIPHOT
3ropTKoBOi Mepexi. Lle pileHHs cripusie BUSBICHHIO 03HAK, IIOB'3aH1 13 paKOM MOJIOYHOI 3a103H. 3a
pe3yJibTaTaMH eKCIIEPUMEHTIB MOJIEb POIEMOHCTPYBaJIa BEJUKY BIYUHICTh, IepeBUIIytoun 94%.

[TopiBHSAHHS 3 ICHYIOUMMH METOJIaMH IarHOCTUKHU MIAKPECIINIIO IIepeBaru 3apornoHOBaHOTO
niaxoay. Bucoka TouHICTh Ta 34aTHICTh aJaNTyBaTUCA 0 PI3HOMAaHITHUX (OPM JaHUX POOJIATH IO
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MOJICNIb TIOTCHIIIHHO KOPHCHOK y KJIIHIYHIA mpakTuil. JleTaJbHUI aHami3 Mmoka3aB, IO MOJICIb
e(eKTUBHO pearye Ha pi3HI XapaKTepUCTUKU TaHHUX, IO JO3BOJIAE€ 3pOOUTH BHUCHOBOK MO i
THYYKICTb Ta YHIBEpCAJIbHICTb.

[ToreHmiiHi HaNpsAMKU MOAANBIINX JOCIIPKEHb BKIIOYAIOTh PO3IIMPEHHS IaTaceTy ais
MOJIIIIICHAS] 3arajilbHOI HAMIMHOCTI MOJENi, a TaKOoX YJOCKOHAJCHHS AapXIiTEKTypH MEpPEeKI.
JlolaTKOB1 aCIeKTH, TaKl sIK BpaXyBaHHS 1HIIMX MEAUYHUX [TapaMeTpiB, MOKYTh TaAKOK MOKPALTUTH
IPOTHOCTUYHI MOKJIMBOCTI CUCTEMHU.

VY 3aKil0OueHHi, BUCOKI Pe3yJbTaTH LbOTO JIOCIIHKEHHS CBiAYaTh MPO 3HAYYHIMIl BHECOK
3TOPTKOBHX HEHPOHHUX MEPEXK y cepy MEeIUYHUX JOCIIIKEeHb, 30KpeMa B MPOrHO3YBaHHI paKy
MOJIOYHOT 3aJ103H.

ABTOpH BHCTIOBIIIOIOTH BASYHICTH ['oiry0eBoit K. M. Ta boponaii H. B. 3a Hanmani gani s
HaBYaHHS MOJEJIEH.

CIIMCOK IMOCUJIAHb

1. Radak M., Haider Y. Lafta, Fallahi H.. 2023. Machine learning and deep learning techniques for
breast cancer diagnosis and classification: a comprehensive review of medical imaging studies. 49(12):10473-
10491. doi: 10.1007/s00432-023-04956-z.

2. Nieburgs H.E. 1968. Recent progress in the interpretation of malignancy associated changes (MAC).
Acta Cytologica. 12, pp. 445-453. doi: 10.1155/238921

3. Ogden G.R., Cowpe J.G., Green M.W. 1990 The effect of distant malignancy upon quantitative
cytologic assessment of normal oral mucosa. Cancer. 65, pp. 477-480. doi:/10.1002/1097-
0142(19900201)65:3<477::AID-CNCR2820650317>3.0.CO;2-G.

4, Lieberman-Aiden E. et al. 2009. Comprehensive mapping of long-range interactions reveals folding
principles of the human Genome. Science. 326, 5959, pp. 289-193. doi: 10.1126/science.11813609.
5. Klyushin D., Golubeva K., Boroday N., Shervarly D.. 2021. Breast Cancer Diagnosis Using Machine

Learning and Fractal Analysis of Malignancy-Associated Changes in Buccal Epithelium. pp. 2-15. doi:
10.1201/9781003153405-1

6. Boroday N., Chekhun V., Golubeva E. and Klyushin D. 2016. In vitro and in vivo densitometric
analysis of DNA content and chromatin texture in nuclei of tumor cells under the influence of a nano composite
and magnetic field. Advances in Cancer Research & Treatment. 2016, 706183. pp. 1-11, doi:
10.5171/2016.706183.

7. Breast Cancer Surveillance Consortium (BCSC). 2017. Sensitivity, specificity, and false negative rate
for 1,682,504  screening mammography  examinations  from  2007-2013.  www.bcsc-
research.org/statistics/screening-performance-benchmarks/screening-sens-spec-false-negative.

8. Adam R., Silva R., Pereira F. et al. 2006. The fractal dimension of nuclear chromatin as a prognostic
factor in acute precursor B lymphoblastic leukemia. Cellular Oncology. 28, pp. 55-59. doi:
10.1155/2006/409593.

9. Adhraryn S.G., Dave B.J., Trivedi A.H. 1991. Cytogenetic surveillance of tobacco-areca nut (mava)
chewers, including patient with oral cancers and premalignant conditions. Mutation Research. 261, 1, pp. 41—
49. doi: 10.1016/0165-1218(91)90096-5.

10. Andrushkiw R.1., Boroday N.V., Klyushin D.A., Petunin Y.A. Computer-aided cytogenetic method of
cancer diagnosis. New York: Nova Publishers, 2007. ISBN 10: 1-59454-882-X. Bedin V. et al. 2010. Fractal
dimension of chromatin is an independent prognostic factor for survival in melanoma. BMC Cancer. 10, 260.
d0i:10.1186/1471-2407-10-260.

11. Bikou O. et al. 2016. Fractal dimension as a diagnostic tool of complex endometrial hyperplasia and
well-differentiated endometrioid carcinoma. In Vivo. 30, pp. 681-690

12. Butakov V., Grakovskiy A. 2005. Evaluation of arbitrary time series stochastic level by Hurst
parameter. Computer Modelling and New Technologies. 9, 2, pp. 27-32.

105


http://www.bcsc-research.org/statistics/screening-performance-benchmarks/screening-sens-spec-false-negative
http://www.bcsc-research.org/statistics/screening-performance-benchmarks/screening-sens-spec-false-negative

VJIK 519.6:94

MeabaukoB O.10., Kanenemyk A.O. ([onbacvka Oepoicasna mawunodbyodiena axkademis, M.
Kpamamopcwk, Vrpaina)

3ACTOCYBAHHS 3rOPTKOBOI HEHPOHHOI MEPEXKI JIJISI KJTACHU®IKAILIIL
MOHET AHTUYHOI'O CBITY

Anomauin: Poboma npuceauena MoXCIUBOCMI 3ACMOCY8AHHA MEMOOI8  WMYYHO2O
iHmenexmy 05 Kiacughikayii ahmuyHux MoHem. 3anponoHo8aHoO apXimexkmypy HetpOHHOI Mepedici,
npo6edeHo ii mecmy8aHHs, NPOBEOEHO AHANI3 pe3YIbmamis, ma ONUCAHO WIAXU NOOANbULO2O0
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.

['porri — 11e HEBiALIbHA YACTHHA OY/Ib-sIKOT BUCOKOPO3BHUHEHO1 IIUBLII3AIIIT Ta IHKOJIU MaiiKe
€IMHUN CIHiJl ICHYBaHHs Iii€l nuBimizamii. Yepe3 Te, 10 y JaBHUHY TpOIll POOMIM 3 KOIITOBHUX
METaJiB, apXeoJIOTH 3HAXOMATH JOCHTH BEIHMKY KIJIBKICTh MOHET Ha MICHAX ICHYBaHHS BEIHKHX
PO3BHHEHUX LUBLII3aLINA. [HKONMM TINBKY 3aBJISKHU 300pa’kK€HHSIM Ha MOHETaX MM MAa€eMO YSIBJIEHHS
1po Te, SIK BUIIIAJAIN aHTHYHI Lapi, 1e MPOXOAMIN TOProBl NUISXU Ta 1HITY LIKaBY 1 KOPUCHY IS
ICTOPHKIB 1H(POPMAIIIFO.

3a3BHuaii Ha aAHTUYHUX MOHETaX 300paXkalii IMOPTPETH 1apiB Ta/abo OOTiB, IKUX MAHYBAIH y
Tii micrieBocti. Ha pannix monerax (VI — V cT. 10 H.e.) mepeBaXHO 300pakajid TBapuUH Ta
reomerpuuHi ¢irypu, a 3 IV cT. 10 H.e. 300pakeHHS] TBapUH BUTICHSAIOTH 300pa’kK€HHS JIOJEH.
Howminamom MoHeTH ciyryBaB il Matepian Ta Bara, TOMY HOro Ha MOHETI HE BKa3yBajH.

Ha Tepuropii Ykpainu B aHTUYHI YacH 3HAXOJWIOCH 7 BEMMKUX aHTHYHUX MICT-IIOJIICIB, a
TaKOX 3HayHa 4YacTHMHa bocmopcekoro mapcrsa 3i cronunero y Micti Ilantukaneil. 3a mepioa
ICHYBaHHS MICT-TI0JIICIB (3 cepenunu VI cT. 10 H.€. 10 mepiioi moysoBuH1 V CT. H.€.) OyJI0 cCyMapHO
BUITYILIEHO JIECATKU TUCSY MOHET 3 30J10Ta, Cpi0ia, Mifli, CBUHIIIO, 3a]1i3a Ta 1HIINX METAaiB.

Hapa3i cymapHa KUIBKICTh 3HAlJIEHUX AaHTHUYHUX MOHET, BUIYIIEHUX B IOJICaxX, IO
3HAXOMIIUCS Ha TEpUTOPIi YKpaiHH, 3HAaUHO NepeBUIIye BiAMITKY Y 30 TUCSY OMHUIIb, 1 3 KOXKHUM
POKOM TIOMIOBHIOETHCSI HOBUMH 3HAaXiJIKaMH, 3HAWJCHUMH SIK y 3€MJIi, TaK, Ha JKajb, 1 HA YOPHOMY
pUHKY. YKpaiHa B I[bOMy HE YHIKaJbHa Jep)kaBa, 00 CXO)Ka CHUTYyallisl, TIJIbKU II€ B OUIBIIOMY
Maciuradi, € B ycix kpaiHax CepeazeMHOMOD 4.

Opnak aBTOMaTH4YHA Kiacudikallisi MOHET € 3a/1a4yero, Ky 0 KiHIISI HEMOKJIHBO BUPIIIUTH,
yepe3 Te 110 B aHTUYHI YacH KO>KHE MICTO Ta KOXKHHI 11ap kKapOyBaiu CBOi MOHETU. AJie € HEBEIMKA
(TTOPIBHSAHO 3 YCi€I0 PI3HOMAHITHICTIO BU/AIB MOHET) KIJbKICTh THUIIB MOHET, SIKi 3yCTPiUalOThCs Y
JIECSITKU pa3iB yacTimie, Hik 1HI. Hac 3apa3 He 1ikaBUTh, YOMY TaK OCTajoCs, 10 OJHUX MOHET
KapOyBanu 6araro, a iHIIKUX Majo (6araTo MOHET MINIIIO IO HAC B €EAMHOMY €K3eMILISpi a00 B HA/ITO
MaJyioMy THpPaxi), a Hac LIKaBUTh T€, 110 IMOBIPHICTh BIIIIYKATH MOHETY OJTHOTO TUITY 3HAYHO BHIIIA,
HIK BIJIIIYKAaTH MOHETY IHIIOTO THITy. TOMY SIKIIO MEpEBIpATH MOHETY, UM HE HAJIEKHUTh BOHA 110
OJIHOTO 3 TIOMYJIIPHUX TUIIIB, MOYKHA aBTOMAaTUYHO KJIacH(iKyBaTH OUIBIIICTh 3HAX1JOK.

[H1I010 TIPOGIIEMOTO € TE, MO KUTBKICTh MOHET KOXKHOTO THIY BETHYCHHA Ta MOXE CTPIMKO
3pocraTi. Hanpukiaz, Ko cboroHi MU 3Ha€EMO TPU MOHETH YMOBHOTO THITY «A» Ta 3a ii piIKiCTh
il He BKIIOYATh N0 Kiacudikarii, HIXTO HE JAacTh rapaHTii, IO 4Yepe3 pPiK, a MOXKE 1 paHile He
BIJIIIYKaIOTh cKapO B sikomy Oyne me 20 — 30 Takux MOHeT.

Tomy mipu po3poOIli cucteMu Kinacudikarii MOHET Oyiu miependadeHi HaCTyIMHI 0COOMBOCTI
TaKoi 3HAX1/IKM K MOHETa:
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1. HeBinomMa KibKiCTh KaTeropiid Kinacudikarlii: TITbKH B YKpaiHi HapaxOoBYIOTh Maiike
JIB1 3 TIOJIOBUHOIO TUCSYl THUITIB aHTUYHUX MOHET, HE Ka)Xy4H MPO 1HII1 Iep>KaBH, 1110 3HAXOAAThCS Ha
TepuTOpii KOMMIIHBOI PUMCBKOI iMIiepii, Ta HE BPaxOBYIOUM Te, II0 aHTHMYHA MOHETa MOXKe OyTH
CIUTyTaHa 3 MOHETOIO CepeHbOBIUHOI0. Takok Tpeda BpaxyBaTH MITpalliio JoJeil B aHTUYHI YacH,
TOMY MOHeTy, HakapOoBaHy B bopucdeni (MukonaiBcbka 00J1acTh), MOKYTh BIALIYKAaTH JeCh Ha
oxonusix Pumy un Koncrantunonomno, a B bopucdeni MoxxyTh 3HalTH MOHETH, HaKapOOBaHi 30BCIM
B IHIIMX MICISX IMITEpii.

2. OcHoBHoOMO iH(OpMali€ro s cucteMu Kiacugikaiii € He oJHe, a JABa 300pakeHHs
onHi€eT MOHETH (3 000X OOKiB).

3. Monerta Moxe OyTH YaCTKOBO YIIKOKEHOIO, MOKPUTOIO IIApOM OKCHIB (0COOIUBO
AKTyaJIbHO JUUIS MIIHUX Ta 3aJli3HUX MOHET) abo Opymy.

4, Mounera moxe OyTH AedopMOBaHOIO (OCOOIMBO AaKTyajdbHO JJisi CBHHIIO) abo
JOpPOOJICHOI0O MEXaHIYHO IICHS IITaMIyBaHHS, TOOTO i1 MAalIOHOK TPOILIKM BiIPI3HAETHCS BiJ
OinpIocti MoHeT (puc. 1).

S. MoHeTH 0THOTO TUITY MOKYTh MaTH a0COJIIOTHO Pi3HI, aje CXO0K1 MaJIFOHKU (pUc. 2 Ta
puc. 3). bubIIicTh MOHET KOXHOTO THITY MAlOTh TaKi HE3HAYHI BIZIMIHHOCTI, @ HA MAJIIOHKAX ITOKa3aHi
JMIIe nesiki 3 HuX. Takox, HalpuKiIaa, Ha puc. 3 IBI MOHETH y HIDKHBOMY PSy 3 JIIBOPYY MalOTh HE
OIYKJIMH, a BAABJICHUNA MaIOHOK. ToMy TOOUTHCSA BUCOKOI TOUHOCTI PO3II3HABAHHS AJISl aHTUYHHUX
MOHET € CKJIaTHOIO 33]1auero.

Pucynok 1 — [TopiBHSHHS MOHETH 3 MEXaHIYHOIO JIOPOOKOKO (371iBa) 3 MOHETOIO 0e3 TOpoOKH
(cripaBa)

Pucynox 3 — [lopiBHsiHHS peBepciB MoHeT Tuiy 109-2075
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ToMy BHUXOIAYM 3 OMHMCAHUX BHIIE BUMOI Ta 3 ypaXyBaHHSM OIMCaHUX MpodiemM Oyio
3aMpOIIOHOBAHO YHIBEPCAILHY apXiTEKTypy HeHpoMepexki, sika Oyjie HaBueHa Kiacu(ikyBaTH MOHETH
onHoTro BHy. Ha BXix Takoi Mepexki Oyjie mogaBaTUCs 300paKeHHSI MOHETH Y TPaIallisix ciporo (oo
3HM3UTH 3aJICKHICTh BiJ KOJBOPY 3HAXIJKHU, TOMY, ILIO0 4Yepe3 OKHCIEHHS BIH MOXKE 3HAa4YyHO
3MIHIOBATHUCH), 3 OJHOTO OOKY, 1 HAa BUXO/1 OTPUMYBATH 3HAYCHHS MMOBIPHOCTI, 3 SIKOO 151 MOHETA
MOXKE HaJie)KaTH N0 i€l rpynu. TakuMm 4uHOM, y MailOyTHbOMY 010I0TEKYy MOHET, SIKI BMITHME
KJIacu(iKyBaTH CHCTEMa, MOJKHA Oyjie 301IbIIyBaTH 3 10JIaBaHHSIM HOBUX HaBYeHUX Mojeneld. Koxny
CTOPOHY MOHETH Tepe]l 3aBaHTaKEHHSAM MOTPIOHO MOMICTUTH y LIEHTP KBaJAPATHOTO 300pa)kKeHHs 3
oM porom (po3mip 150 ma 150 mikceniB). Takox amst OUTBII SIKICHOTO HABYAHHS MEpEki Oyio
3pOo0JICHO apryMEHTallil0 JaHWX — T'eHEpyBaHHS HOBHX (oTrorpadiii HUIIXoM iX BHUIATKOBUX
tparcdopmariiii. OcoONIMBO aKTyalbHOIO TpPaHCPOPMAIIIEIO TSI MOHET € MOBOPOTH HA JIEKIIbKa
rpanycis (8), macmtadyBanus (0,08), HeBennuki 3cyBu mikcenis (0,08).

Aute 31 3pocTaHHSIM 010J1I0TEKH Y MalOyTHROMY OIMCAHHWKA BUIIE M1AX1]T MOXKE TPU3BECTH JI0
TOTO, IO HA aHaJli3 OJHI€I MOHETH Oynae WTH JOCHTh Oararo MalIMHHOTO 4Yacy, TOMY IOTpPiOeH
QITOPUTM SIKUH BHUKIIOYAB Ti MOJEINI 31 CIYCKY aHali3y, HETaTHUBHUN peE3yNnbTaT SKUX MOXKHA
nependaunTy 3a3naneriap. Uepes Te anropuT™ poOOTH MOXKHA OMUCATH HACTYITHUM YHHOM:

1. ITiaxrotoBnene 300paxkeHHs 000X CTOPIH MOHETH MO 4Yep3i 3aBaHTAXKYEMO 0 MPOTPAMH.
Takox pa3oM 3 MOHETOIO MepeAaeMO KOHTEKCTYalbHI JIaHi, sIKi JOTIOMOXYTh MPOBECTU MEPBUHHY
OIIIHKY MOHETH.

2. Koxny 31 cTopiH (1o uep3i) MoJaeMo 10 alroputMmy, SKUid minbepe mopeni uist ii
Kkiacudikaiii 3 3araapHoi 010J1I0TEKH MOJIeNIel Ha OCHOBI KOHTEKCTYaIbHOI 1H(OpMAIIii.

3. KoxHa cTopoHa MOHETH 10 4ep3i NOJaeThCsi HAbOpy 0A10paHuX MOJIeNe, KOXKHA 3 SIKUX Ha
BUXO/Il BUJIA€ WMOBIPHICTB TOTO, IO I MOHETA HAJICKUTH 10 ii kaTeropii. (Kputepiem aiis Binbopy
MoJieJIel UIsl APYTroi CTOPOHH MOHETH € Te, IO SKIO MPH aHaJi31 MepIIoi CTOPOHU SKacCh 3 MoJIesei
MOKa)Ke BEJIMKE 3HAYEHHS HMOBIPHOCTI, TO Ui OPYroi CTOPOHH MOTPiOHO TMEPIIO TMOCTaBHTH
MOJIeJIb ISl APYToi CTOPOHU MOHETH TOTO K BHUY.)

4. OOpaxoBYIOTHCS CKJIaJHI WMOBIPHOCTI JJIsi MOJeel 000X CTOPIH MOHET OJHOTO BUY.
BuBonuThCs 3BIT KOpHCTYBayy.

3p03yMiJio, III0 OCHOBHOIO a00 IEHTPATbHOK YaCTUHOIO I11€1 CUCTEMHU € HEHPOHHA Mepexa,
SKY MOYKHA HaBYUTH JUIs OyJb-sIKUX MOHET. Y XOJIi psily €KCIIEPUMEHTIB 3 PI3HUMHU apXiTEeKTOpaMu
3TOPTKOBUX HEHUPOHHUX Mepexk, 00 came I apxiTeKTypa Haikpaiie cebe mokaszye y poOoTi 3
rpagpiyHUMU  oOpa3amu, OyJIO BHSBIEHO, IO ONTHUMAJIbHOIO apXITEKTYpPOIO € Mepexa, sKa
CKJIQ/Ia€TECs 3 YHOTUPHOX 1IAPIB 3TOPTKH 3 SAPOM 3TOPTKH 2X2 Ta YHOTUPHOX 1IAPIB MYIIHTY, KOXKEH 3
SKHMX 3MEHIIY€E BX1JTHUI BEKTOp B 4 pa3u. sl KOHTpOIIO NepeHaBUYaHHS BUKOPUCTOBYIOThCS IIapU
Dropout siki po3ramoBasi Iiciis epIIoi Ta APYroi rpyIu 3ropTKa-myiHr 3 koedinieaTom 0,2, binbi
JIeTaJbHO CTPYKTYpY MokazaHo y Tabmumi 1. dyHKIiA akTUBaLii Ha BCIX LIapax KpiM BUXIJHOTO
RelLU, ¢ynkuist aktuBaiii BuxigHoro mapy Softmax, sxkuil Bujgae MMOBIpHOCTI TOTrO, 0 MOHETa
HaJISKUTh a00 HE HAIEXKUTH J10 33/1aHOTO THUITY, 1110 MOXe OyTH KOPUCHUM NPH BUKOPHCTaHHI CUCTEMHU
eKCIIepTOM: Hapa3l cuctema oOupae Oulbllie 3HaYEHHS Ui Kiacu@ikalii MOHETH, ajle y CUTYyallli,
KOJIN TIOKa3HMKHM HMOBIPHOCTI JIOCUTh CXOI, TaKMi BHOIp MOXe MPHU3BECTU A0 HENPaBHIBLHOTO
pesynbTaTy. OYyHKINiS BTpaAT — KaTeropiajabHa KPOCEHTPOITisl, onTuMizaTop — adam. Ychoro Mozenb
Mae 2 MiJIbHOHU MmapaMeTpiB, A poOOTH SKUX 3HaJ00UThes 8,66 MB onepatuBHoi mam’sti. s
BCIX TeCTiB BUKOpUCTOBYBaBcs (peitmBopk Tensorflow, Ta iforo HanOynosa st Python — Keras.

Takox TecTyBajuCsl BaplaHTH Mepexi, sIKI BAKOPUCTOBYIOTb HE MOHOXPOMHI, 8 KOJbOPOBI
RGB 300paxkeHHs, 1 X0o4a Taka MOJEIb TPOXHM Kpalle BiApi3HAE 30JI0TI MOHETH, BOHA IOKa3ye
a0COJIIOTHY HE €(DEKTHUBHICTH JJI OyAb-SIKUX 1HITNX METAJIIB, Yepe3 Te, 1[0 BOHH MAIOTh CXUJIHHICTh
J0 OKUCY. 3ajada MOpPIBHSHHS KOJIOPIB 1 BIJCOPTYBAHHS 30JIOTMX MOHET BiJI HE 30JIOTHX
BUPINITYETHCS 32 JOMOMOTOI0 3BUYAHOTO AJITOPUTMY, TOMY i/1e1 BAKOPHCTOBYBATH MOJIEIb IS TPHOX
KaHaiB OyJIM BiIKUHYTI.
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Tabmuus 1. CtpykTypa moneni

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

Jls HaBYaHHS MOJIeTIei BUKOPUCTOBYBAJIKCS CTBOPEHI BIACHOPYY aBTOPaMU BUOIPKH JaHUX,
SKi CKIIQIAOThCS 3 HAOOPIB KOJIBOPOBUX 300pakeHb MOHET (po3auipbHOI0 3maTHicTio 200 Ha 200)
JEKITbKOX THUIMIB Ta 300pakeHb MOHET, SKi BIAIrPalOTh POJIb YCIX I1HIIMX MOHET 1 TOBHHHI
KiacuQikyBaTUCS SK HE HAJCKHI JI0 3aJaHOTO Kiacy. Yci ¢ororpadii MOHET B3sTI aBTOpaMH 3
BIIKpUTHX 1HTepHET-KaTanoris https://bosporan-kingdom.com/ ta https://tauriscoins.ru/, sik Habopu
JIAHUX BUKOPUCTOBYBAJIUCS aBepCH Ta peBepcH (okpemo) HacTynHux MoHet: 109-2075 (78 wir.), 783-
7831 (21 mwr.), 111-3002 (100 ., o6panux ¢ 6inbuie Hixk 1000 MOHET KaTanory, iHIIl B35TI BC).
Bubipka iHIIMX MOHET cKJaaanach 3 ~170 3HIMKIB (aBepcH Ta peBEpPCH pa3oM).

Hns moner 109-2075, 111-3002 Ta aBepcy 783-7831 Bpmamocs HOCSATTH TOYHOCTI MJist
Bayimaniitaoi BuOipku y 100%. HaBuntu Momens mis pesepciB 783-7831 He BHanmocs uyepes BEIHUKY
BapiaTUBHICTh YekaHKu (puc. 2). Cxian BamaaniiiHoi Bubipku npubnuszno 10% amas BCix BUMAIKIB.
Hapuanns BigOyBaniocst mpotsrom 20 enox. JletanbHimie quBiThCs Ha rpadiky puc 4.

Byno Takoxx BHSBIEHO 3aJI€KHICTh MK BITHOIICHHSIM MOHET KJacy 10 1HIIMX MoOHeT. s
BuOipku aBepc 783-7831 Tounicts 100% 3a mecsaTh €moxX BAANOCS JOCSATTH KOJMH BiTHOIICHHS MiX
Bubipkamu Oyno 1:1, mpu BinHomeHHi 1:4 ta 1:7 qna pocsarnenHs TouHocti 100% 3Hamobunocs
HaB4aHHs npotsrom 30 enox. Jloknaanime Ha rpadiky puc 5.

1,00
0,90
0,80
0,70 —_— —

0,60

0,50 \
0,40 Q
0,30

0,20

0,10

0,00

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
— |oss val accurac val

Pucynok 4 — [Moka3uuku HaBuaHHs 15 aBepey 109-2075
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Pucynok 5 — [Noka3zuuku HaB4anHs a1 aBepcy 783-7831 (30 emox)

BUCHOBKHU
[TpoBeneH1 TOCITIIKSHHSI TOKa3aJld, [0 3aCTOCYBAHHS HEHPOHHUX MEPEX IS aBTOMATH3AIII1
kiacudikaiii MOHET IIJIKOM MOXJIMBE Ta MOTpeOye MOAANBIINX TOCIiKeHb. byo 3anpononoBaHoO
apXIiTeKTYypy YHiBepCalIbHOI CHCTEMH KiIach(ikallii MOHET Ta apXiTEeKTypy HEHMpPOHHOI Mepexi sKa
JIOCUTH J0OpE CIPaBISAETHCS 3 KIacH(DIKaIli€0 MOHET 3a MPUHAICKHICTIO UM HE MPUHATICKHICTIO JI0
NEeBHOI Kateropii. byno mpoBeneHHsI TecTyBaHHsS 3alpOIIOHOBAHOI Mozei Ha 6 BHOipKax, Ha 5-X
Moensx nokasana 100% pe3ynbTaTi, IUisl OJHOTO HAOOPY HABYUTHU MOJIETh HE BIAJIOCh.

NEPEJIIK IOCHUJIAHDb
1. Monemu Bocnopa. [Enexmpounnuti pecypc]. Peaxcum docmyny: https://bosporan — kingdom.com/
2. Timic B. b. Hetipomepecni mexnonoaii : Haguanvruil nocionux / B. B. I'imic. — Kpamamopcwk : JJJIMA,
2021. - 248 c.

110



YJK: 637.5.02
Mysuka M.B. (Hayionanonuii ynieepcumem «J/Ivgiecoka noarimexuikay, m. JIvsis, Ykpaina)

AHAJII3 CTAHY AKOCTI IOBITPA TA BUSBHAYEHHSA YNHHUKIB, 11O HA HBOI'O
BIIVIMBAIOTD

Anomauin: B Oaniti pobomi Oy10 nioHamo npodOiemy AKOCMI CMAaHy ROGIMPS, AKA € 0OCUMb GEIUKON 8
cyuachomy ceimi. J{nsi i1 0ocniodicenns Oy10 32eHEPO8AHO HAOIP OAHUX 3a OONOMO20I0 DIZHUX GIOKpUMUX Odcepel.
Ocnogny ysazy 6y10 36epHYMO HA NPOMUCLO8I 00'ckmu, sIKi mozau 6 3a0pyouoeamu nosimps. /s yvbo2o 3 pecypcy
Google Maps 6yno 3i6pano yci Modciusi npomuciosi 06’ ekmu na mepumopii Ykpainu 3a Kuo4oeumu c1o8amu, nicisi
Y020 bynu épyuHy 6i0ibpani HeobXiOHi Ham munu 06 ’ekmis. Ha ocnogi cmeopenoeo nHabopy danux, 6yn0 nodyoosaro
Helponny mepedicy, 2inepnapamempu axoi 6yau nidiopani memoodom nepebopy. 3a donomozoro nioxody Permutation
Importance 6yn0 3anponoHO8AHO aAN2OPUMM 3MEHUIEHHS. PO3MIPHOCMI Oanux 3 RIOGUWYEHHAM sikocmi mooeni. B
pe3yavmami, edanocs docsemu noxkaswuxka RMSE ons nawoi moodeni ~0.0022. [lobydosana moodens HeuponHoi mepexici,
003601UNLA OYIHUMU 6NIUE PI3ZHUX YUHHUKIG Ha nokaznuk Air Quality Index 3a donomozolo euuje 6Ka3aH020 aAnN20PUMMY
Permutation Importance. Pesyismamu 0ocrioscennst gusiguu, wo HaubLIbUUMU 3a6pYOHUKAMU € 00 '€Kmu eLeKMPUYHUX
niocmanyitl, XiMiYHUX 3480018 MA COHAYHUX POMOETEKMPUYHUX eLeKMPOCMAHYIIL.

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

[Tpobnema sSKOCTI MOBITPS, AKUM MM JMXA€EMO ICHYBaJla 3aBXKIH, TUM OUIbIIE y Cy4YaCHOMY
CBITI, e, 3a cratuctukoro 2020 poky, B Ykpaini Ha 1000 oci®6 mpuxoautbcs 245 aBTOMOOLIIB.
[TpoBiBIIM HeCKIaaHI 0OpaXyHKH, € MOXKJIMBICTD J1I3HATUCS NPUOJIU3HY KUIBKICTh aBTOMOO1IIB, 110
nopiBHroe 6inpire 10 mitH onuHUIb. Tak, iCHye TIEeBHA TEHICHIIIS IIEPEXO0Ty Ha eNIEKTPOMOOLIT, TpoTe
craHoM Ha 1 mororo 2023 poky, B YkpaiHi Oyio 3apeecTpoBaHO 48 THC €J1€KTPOABTOMOOLIIB, 110
ckianae e 0.48% BiJ 3arajabHOI KIIBKOCTI aBTOMOO1IIB.

[Ile onna npuunHa 3a0pyIHEHHS MOBITPS — 11€ 3aBOJIHU, 5Kl € Mailke y KO)KHOMY palOHHOMY
HEeHTpl YKpaiHH, Ta KUIbKICTh SKHX 3pocTae. 3a nepion 3 2015 mo 2019 poku 6yno nodynosano 207
HOBHX 3aBO/IIB.

VY wmiii poboTi MU CrpoOyeMO AOCHIIUTH 1€ MUTAHHS, MOPIBHSABIIM BIUTUB PI3HUX THUIIIB
npomuciioBux 00’ekTiB Ha mokazHUkK AQI (Air Quality Index).

L1s poboTa He cnpssMOBaHa Ha Oe3rocepe/iHe BUPIIIEHHS i€l mpobaemMHu, apke iX MoTpiOHO
BUPIITYBaTH SIBHO HE METOJIaM{ MAIIMHHOTO HaBYaHHS. AJie, MPOBEJEHE JOCIIHKEHHS 1aCTh 3MOTY
BUSIBJSITU O0’€KTH, 110 € HAWOUIbIIMMHU 3a0pyJHUKAMH TOBITPs,, TUM CAMHUM JIaTH MOILITOBX IS
MOJANTBIIIOTO 3aIyCKy IPOIECIB, MO0 CHPUYHMHATH TOCWIEHY yBary Ha BHPIIICHHS NpoOiIeMu
3a0py/IHEHHS HABKOJIMIITHBOTO CEPEIOBHILA.

Kpurnunmii anaJis girepaTypHux axepe

B cygacHomy cBiTI faHa mpo0sema € HaA3BHYaliHO aKTyaIbHOI0, TOMY HaJ ii TOCITIKEHHSIM
IpaIoBajlIo JOCUTh 0arato HayKoBLiB. Takox 6araTo TakuX craTei CIpsSMOBaHi i Ha JOCIIJKEHHS
BIUTMBY PI3HUX OYEBUIHHUX Ta JPYTOpsSIHUX 3a0pyqHIOBaYiB MOBITPs. Po3risiHEMO aeKiIbKa TaKUX
pOOIT.

V [1] 6inbine cipsimyBaHHs Ha onuc ciuctemu MOreAir (ciucrema MOHITOPUHTY 3a0pyTHEHHS
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MOBITPS B MicTax). Y CTaTTI OMUCAHO METOJOJIOTIS MpH po3pooiri 1i€i cucteMu. Takok, MpOBEIECHO
JOCTIIP)KeHHS Ha OCHOBI Mapokko, sSike ToKa3aio, 1[0 B JAEIKUX MICUSAX BUXJIOMNU TPAHCIOPTY — L€
JaNieKo He HalOUIbIIHiA 3a0pyTHIOBAY.

VY [2] Oyno 3aBmaHHS CTBOPUTH NMOTOAWHHHUEN NPOTHO3 KOHIEeHTpamii PM2s B moBiTpi. 3a
OCHOBY OyJ110 B3s1TO 2 Benukux Micta B [liBnenniit Kopei. 3a ocHOBHMIT alropuT™M BUKOPHUCTOBYBABCS
LSTM Ta nopiBHIOBaBCS 3 iHIIUMH BiIOMUMH aJITOPUTMAMH, JI€ TIOKa3aB ceOe HAKpaliuM YHHOM.

Hocuts 1ikaBa crarts [3], y sAKii Z0CITiKEHHIA BIUTUB CTPAKiB Ha SKICTh MOBITPs. 31aBaIOCs
0, 110 11e a0COTIOTHO HE OYEBUIHUH 3a0pyIHIOBAY, aJie BiH €, 1 JOCUTh HEMaIUil. 3BUMAWHO, CTPAUKH
OyBarOTh pi3Hi, TOMY, TaK, II¢ MOKE€ MAaTH 3HAYHUU BIUIMB Ha SKICTh MOBITPs. JJIs mbOro aHami3y
BUKOPUCTAaHHI Pi3HI alrOpUTMU MAIIMHHOTO HABYaHHS, MpoTe Haiikpamie cebe mokazas GBM
(gradient boosting machine).

VY [4] mocmiKyeThCs 3aleXHICTh MK CTaHOM TOBITps Ta manaeMiero COVID-19. To6To,
NaHAeMis 3HU3UIIa aKTUBHICTD Ha BYJIUIISIX, MEHIIE TPAHCIOPTY 137110, BIAIOBIIHO — I1€ OJJTHO3HAYHO
MaJIo CBi¥ BIUIMB.

Ha ouinky BmmuBy COVID-19 OGyna cnpsimoBana it po6ota [5]. 3a3HauaeThbes, U0 MiJ 4ac
HaHeMil CriocTepiraiocs iBHE 3HIKEHHS BMICTY IIKIUIMBUX PEYOBUH Y MOBITPI, IO MOSCHIOBAJIOCS
3HaYHUM 3HUKEHHSIM MOO1UTBHOCTI Jtofei. [IpoTe aBTOp cTAaTTi 3ameBHs€E, 10 HEMAINIA BILTUB Ha 1€
MaJIi i METEPOJIOT1UHI 3MiHH. 32 OCHOBY JIOCIIKeHHS OyIo B3saTo CiHTammyp.

VY poboti [6], HA OCHOBI pi3HHUX 3a0pyOHIOBAYiB MOBITPSA, TaKUX SK HASBHICTH BEIHMKOL
KUJTBKOCTI aBTOMOOUTIB, BUKHIIB 3 NPOMHCIOBUX BHPOOHHIITB, CIIAJTIOBaHHS HA(TONMPOIYKTIB 1
BUPOOHUIITBO €JIETPOCHEPTrii, CKIaaeTbcsd NPOrHo3 3a0pyaHeHHs moBitpsa. [  mboro
BUKOPHUCTOBYIOTHCSI METOJM MAIIMHHOrO HaByaHHS, Takl sk LSTM, CNN To1wo.

I'enepanis HaGopy naHux

CrouaTky Oys0 310paHo HEOOXIiIHI JaHi IS OJAIBIIOr0 o keHHs. 3 pecypcy [10] 6yimo
B3ATO MicTa s sikux OyB poctynHuil mokasHuk AQI (Air Quality Index). B tabnumi 1 naBegeno
3BiIKH OYI10 B34TO MOTPiOHI JaHHI 7Sl POBECHHS JOCIIHKESHHSI.

Tabmuis 1. Pecypen, Ha OCHOBI 1aHuX 3 SIKUX OyB 3reHepOBaHUi HaOIp JaHUX

Pecypc 3i0pani naHi [MosicHenHs
www.coordinates converter.com | KoopauaaTtu mict
[11]
Bikinemist [Tnoma, HACEJIEHHS Ta | €EQUHUN pecypc, IKUUA MOXKe
T'yCTOTa HACEJIEHHS MICT HA/JaTh HaM II0 1HQOpMAIIio
Ipo BC1 MOTPIOHI HAM MicTa
Google Maps Bci BupoOHunrBa-noreniiiui | [lomrykx 3a KIIIOYOBUMU
3a0pyAHIOBaYl Ha TepUTOPIi | ClIOBaMuU (BUpOOHMIITBO,
VYkpainu ¢dadpuka, AEC, TEC, TEC,
AEC). Ilicns 4oro BpyuyHY
Oyno BigibpaHo 26 THIIB, 10
MOXYTh 3a0pyIHIOBAaTH
TIOBITPAL.
www.meteopost.com [8] IToroaHi MOKa3HUKU HAABHUX
Ha pecypci MICT 3 IHTepBaIOM
30 xB
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www.sinoptik.ua [9] [TorogHi TMOKa3HMKH  YCiX
IHIIUX MICT 3 1HTEpBaJIOM 3

TOOUHA

B pesynbraTi oTpuMaHO HacTYHUI HaOip gaHux (puc. 1):

merged_data

area real
state text
population real
date datetime

nteger

real

Puc. 1. 06 ’eonani dani 6e3 oanux 3 Google Maps

Takosk 10 IUX JaHKX OYII0 J01aHO KUTBKICTh 00’ €KTiB 3HalaeHux Ha Google Maps 3 pisHumu
pamiycamu no wict. Ilix pagiycoMm MaeThCcs Ha yBasi Pi3HUIN IUTONI OUTBIIOrO Ta MEHIIOTO Kill 3

IIEHTPOM B OJIHIH TouIi (puc. 2).

Briukhovych

ONOHK

Maneuxoruui

Puc. 2. Bizyanizayis nowyky 06 ’exmis y uacmuni Kona pddiycoxw mioe 9 km 110 km

Sk BkazaHo B Tabnwi 1, Oyno Buminero 26 turis, o 20 KOKHOTO, TaK K JUIsI KOXXHOTO THITY
mu Opamu 20 paniyciB (Big 1 mo 20). Omxe orpumaemo 26*20=520 koionok. [y Kpamioro
BU3HAYCHHS OKPEMOTO BIUTUBY KOKHOTO TapameTrpa Ha 3a0pyJHEHHs TOBITPs, 3MEHIIYBAaHHS
PO3MIpy BXIJJHUX JAaHUX MPOBOAUTUCH He Oyne. Takoxk mepeTBOPpUMO KOJIOHKY state 3a JOIOMOT00
One-Hot encoding, Tak sik B HarmomMy Ha0OoOpi I KOJIOHKAa y TEKCTOBOMY (hopmaTi, a HaM MOTpiOHO
MIEPETBOPUTH 11 B UUCIIOBUM.

ITin0ip napamerpiB HelipOHHOI Mepe:ki

[Tin6ip rinepnapameTpiB HeWpoHHOI Mepexi Oyne 3aAilicHEHO MeTonoM mepedopy.
[TinbuparoTbcs HACTYMHI MapamMeTpu: (QYHKINS aKTHBAIlll, ONTUMI3aTOp, KUIBKICTh HIapiB, PO3MIp
BUXOJY B NEPIIOMY IIapi, a BUXiJ KO)KHOTO HACTYITHOTO Iapy Oy/ie BABIUl MEHIIHA.

Haiikpaie cebe moka3zaB HacTyIHUN Habip MapameTpiB:

- ¢bynukiisg aktusarii — AdaMax;

- ontumizarop — ReL U,

- KIUIBKICTh IIapiB — 5;
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- po3Mip Bux0y B repiromy mapi — 600.
Ha puc. 3. HaBegeHo rpadix mOpiBHIHHS JAHOTO HAOOPY MapameTpiB 3 IHIIMMHU Ha MPHUKIIAIIL
meTpuku RMSE.

0.0910

0.0905

0.0900

RMSE

0.0895 4

0.0890

0.0885

adamax adamax adamax adamax msprop adamax adamax msprop adamax adam
relu relu

al
relu leaky_relu relu relu relu leaky_relu relu relu

5 8 7 3 9 3 8 4
600 700 400 500 300 800 800 700 600 400

Puc. 3. Cmosnuuxosa diacpama noxaznuxa RMSE ons 10 natikpawux oocnioie

3MeHIIeHHS PO3MipHOCTI Ha0opy AaHMX

Jlis 3MeHIIeHHs PO3MIPHOCTI HabOpy AaHUX HEIOULIbHO 3acTocyBatu PCA, ajxe B TakoMy
BUMIAJIKY Oy/1€ HEMOXIIMBO JOCIIIUTH BIUTMB oKpeMux o3Hak Ha AQI. Tomy a7st 1bOT0 BUKOPUCTAHO
anroput™ Permutation Importance. Cytb poO0TH anropuTMy Hojisirae B HaCTYIHHUX JisX: OepeTbces
HAaTPEHOBaHa MOJENb Ta Halip JaHUX, KOXKHA KOJOHKA MEPEeMIlIyeThbCsl MEBHY KUIBKICTh pa3iB Ta
QITOPUTM JUBUTHCA Ha T€, HACKUIBKU 3MIHMJIACS MOXUOKa airopuTMy. Pe3ynbraTt — 11e KoediieHT,
SIKHIA TI03HAYa€ BIUIMB KOXKHOT KOJIOHKH Ha PEe3yJIbTYIOUY 3MiHHY.

3MeHIIIyBaHHs PO3MIPHOCTI 32 JOTIOMOI'OI0 BHIIE BKa3aHOTO aITOPUTMY Oyjie MPOBOAUTUCH
HACTYITHUM YAHOM:

1) OepeMo HaTPEHOBaHY MOJIEIb;

2) 3amyckaeMo podoty anroputmy Permutation Importance;

3) BUJAJISIEMO KOJIOHKH, SIKi OTpUMAaIU KOe(illiEHT MEeHIIe a00 JTOpPIBHIOE HYJIS;

4) TPEHYEMO MOJIelb Ha HOBOMY HA0Opi [aHUX Ta TOPIBHIOEMO ii MOXHOKY 3
HOMEPEIHBOIO;

5) MOBTOPIOEMO KpokH 1-4 noku moxubka Oyje 3MEHIITyBaTHCS.

Ha nanomy erami po3MipHicTe Habopy nanux ckiagae 331042 x 444. Ha puc. 4 ta 5
300pakeHo rpadiku 3MEHIIEHHS pO3MiIpHOCTI HA0OPY AaHUX Ta 3MiHH MTOXUOKH.

450

w
v
=1

Columns Count
W
(=
o

25041

2004

step

Puc. 4. Kinvxicms KoIOHOK NPU ROCMYNOB0OMY 3MEHULEHHT POZMIPHOCIE OGHUX
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Step

Puc. 5. Iloxasnux RMSE npu nocmynogomy 3menuienui poamipHocmi Oanux

Buxonauu 3 rpadiky Ha puc. 5, HalKpamioro pe3yiabTaTy MOXHOKH OYy/l0 JOCATHYTO Ha 5
kpoui. Ha 6 kporui moxubka crana pizko 30iibmryBaTich. [lpy 11poMy, Ha 5 Kpolli KiJIBKICTh O3HAK
oOpanoro Habopy nanux gopiBHioe 210. O1xke, Tenep po3MipHICTh JaHOTO HAOOPY NaHUX JOPIBHIOE
331042 x 210.

Lleit anroput™m kpammii 3a PCA B TOMy ImUiaHi, IO TpW 3MEHIIEHHI pPO3MIpHOCTI
MOKPAIIY€eThCs cama Moienb. [IpoTe 3a MM METOZI0M He BHiA/Ie BUKOHATH 3MEHIIIEHHS pO3MIpHOCTI
macmtady PCA, amxe Permutation Importance — 11e anroputwm, sKuii mpaioe J0CUTh JI0BTO.

Ouinka Mojei HelPOHHOI Mepe:Ki

Jlis momaneIioro JOCTiKeHHsT OyJe BUKOpPHUCTAHO Halip IaHuX, 1m0 OyJ0 OTpUMaHO Ha 5
KpOLli alrOpUTMYy 3MEHIIEHHsS po3MipHOCTI AaHuX. Hukue HaBememo rpadik TpeHyBaHHSA JTaHOI
mozaei (puc. 6).

model loss

0.0065 4 —— ftrain
test
0.0060 -
0.0055
ﬁ 0.0050 -
0.0045 -

0.0040 §

0.0035 4

0 10 20 30 40
epoch

Puc. 6. I' pagix empam netiponroi mepeici

[Tokaznuk RMSE otpumanoi mozeni Buiios 0.0022528581129933702.

AHaJii3 BIVIMBY Pi3HUX THIIIB NPOMMCI0BHUX 00’€KTIB HA CTAH AKOCTI NMOBITPS

BuBenemo 5 HaitOu1bMX 3a0py/JHIOBAYIB MOBITPS 3T1HO 3 Hamow Moaesto. KoedimieHt
BILJIMBOBOCTI PAXy€ThCS SIK CEpPeNIHIN I yCiX pajilyCiB OJJHOTO TUITY 00’ €KTIB.

Tabmuus 2. 5 HalO1IbII BINTMBOBUX IIPOMUCIIOBHUX 00’ €KTIB
p

TToxasauk KoedirienT BrummBoBOCTI
Enextpuyna migcraHIiis 0.00013180925648873578
XiMigHUH 3aBOJT 0.00013038753893535756
[loxa3Huk KoedirieHT BIIMBOBOCTI
ConstuHa (poTOENEKTPUYHA EIEeKTPOCTaHIIIs 8.770038767039458¢e-05
Kocmernuna iHgycTpist 8.650569002812188e-05
BupoOHUITBO 8.011425893648674e-05
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SAx Gaunmo, HaWOITBIIUMHU 3a0pyaHIOBAYaMHU € EJIEKTPUYHI IMiJICTaHIlli, sKi HaiJacTimie
OynyeThcsl OUTSI TEIUIOBUX eJIeKTpocTaHmii. Skmo Biputu BumanHwo DW Tta ixHiid crarTti Big 25
tpaBHs 2021 poky [7], To TEII0BI €AEKTPOCTAHIIIT AIHCHO € HAOLIBIIMMHK 3a0pY/IHIOBaYaMH MOBITPS
B YKpaiHi, 10 MOX€E BKa3yBaTH Ha JIOCTOBIPHICTh HAIIOTO JOCTIIKEHHS. TakoX MOSCHUTH Te, L0
cami eJIGKTPOCTAHIIIi MEHIIIE BIUIMBAIOTh HA CTAH SKOCTI MOBITPS, MOXKHA THM, IO iX 3HAYHO MEHIIIE
Ha TepuTopii YKpainu, HiXK migctanuin. OTxe, Micis MPOBEASCHOTO AOCIIKEHHS, OyJI0 CKIaACHO
HeperniK TUIB 00 €KTiB, IO HaM JAOCTymHI 3 6 mo 15 Micis, ski HaWOUIbIIEe BIJIMBAIOTH HA
3a0pyTHEHHSI TIOBITPS:

6) dapmaneruyna kommanis (7.330393704337653e-05);

7) Macnopo6ust (7.168745519625006e-05);

8) Cinbcbkorocmnoaapebkuii kooreparus (5.9996562520565663e-05);

9) Kap’ep (5.951612837496133e-05) ;

10)  Enextpocraniiis (5.8587293709198875e-05);

11)  TIMuBosapus (5.436671631549445¢-0);

12)  Bopno-xkomyHasibHa kommanis (2.7024660464011773e-05);

13)  Tigpoenekrpocraniiis (2.135397761805352e-05);

14)  BupoOnuk kocmernuHoi npoaykiiii (1.6045247643868207e-05);

15)  3ampaska (8.229845310878288e-06)

3 OTpUMaHHUX MAHWX BUXOIUTH, IO HAWOLIBIIMMHU 3a0pYyJHIOBAYAMH IIICIS CICKTPHYHUX
MiJICTaHIIi € XIMI4HI 3aBOJAM, IO LIJIKOM OYIKYBaHUW pe3ynbTar. Bukinkae 3auBYyBaHHS
KOCMETHYHA 1HAYCTpis Ha YETBEPTOMY MicCIi, a/pKe e abCONIIOTHO HE OYCBHIHMNA TIOO0ATHHHIA
3a0pyAHIOBadY TOBITpsA, aje NOTpiOHO OpaTh OO0 yBaru, IO BHUPOOHUIITBA — 1€ MOTEHIiHHI
3a0pyaHIoBayi moBiTps. Tomy Ha 5 MicIli 00’ €KT 3 TOCUTH 3araibHOI0 Ha3BOIO, IPOCTO BUPOOHHUIITBA,
BOHM MOXYTh BUPOOJATH pI3HI TOBAapH, MPOTE€ B 3araibHOMy BCI BOHU € UIKIUIMBUMH JUIS
atmochepu. Takox Ha 6 Ta 7 MicIaX GapMareBTUIHA KOMITaHis Ta MacJIOpOOHS BiMOBIAHO. Yci i
00’€KTH MOXYTh BUKHIATU B aTMOc(hepy MIKiJIMBI BIAXOIU Ta MapH.

BUCHOBKHU

OpHi€ro 3 HalOLIBIINX MPOOJIEM CYdacCHOCTI € CTaH SIKOCTI MOBITps. Y 11iil poGoTi BoHa Oyna
nociimkera. st nporo 6yB 3reHepoBaHUil HaOlp JaHUX HA OCHOBI PI3HUX BIAKPUTHX JIXKEPEN, TAKUX
gk saveecobot, sinoptik, Google Maps, 1 HaBiTh Bikinexais. [[ns octanHboro pecypcy Oyio
apryMEHTOBAHO JOIUTHHICTh BUKOPUCTAHHS caMe IIbOT0 pecypci B AaHii curyartii. Ha ocHoB1 Moaeni
HEHPOHHOI Mepexi, TineprnapaMeTpu Uid AKkoi Oynu migiOpaHi METOJOM mepedopy, Ta alropuTMy
Permutation Importance Oyno croyaTKy 3MEHIIEHO PO3MIPHICTh HAOOpPY JAaHUX 3 MOKPAIICHHSM
SAKOCTI caMoi MOAeNi, a Micas 4oro W BH3HAYEHO HaWOUIbLI 3a0pyJHIOBadl MOBITPS cepen
IPOMUCIIOBUX OO’€KTIB (€NEeKTpUYHA MiACTaHLIsA, XIMIYHMHA 3aBOJ, COHSYHA (OTOENEKTPUYHA
€JIeKTPOCTAHIIIA).

CIIUCOK ITOCHUJIAHDb
1. Gryech I. Moreair: a low-cost urban air pollution monitoring system / I. Gryech, Y. Ben-Aboud, B.
Guermah, [et al.] // Sensors (Switzerland). — 2020. — Vol. 20, No. 4.
2. Qadeer K. A long short-term memory (Istm) network for hourly estimation of pm2.5 concentration in

two cities of south korea / K. Qadeer, W. U. Rehman, A. M. Sheri, [et al.] // Applied Sciences (Switzerland).
— 2020. — Vol. 10, No. 11.

3. Zalakeviciute R. Gradient boosting machine to assess the public protest impact on urban air quality /
R. Zalakeviciute, Y. Rybarczyk, K. Alexandrino, [et al.] // Applied Sciences (Switzerland). — 2021. — Vol. 11,
No. 24.

4. Lin G.-Y. Chang impact analysis of level 3 covid-19 alert on air pollution indicators using artificial
neural network / G.-Y. Lin, W.-Y. Chen, S.-H. Chieh, Y.-T. Yang // Ecological Informatics. — 2022. — Vol. 69.

116



5. Li Y. The impact of covid-19 on no2 and pm2.5 levels and their associations with human mobility
patterns in singapore / Y. Li, Y. Zhu, J. Y. K. Tan, [et al.] // Annals of GIS. — 2022. — Vol. 28, No. 4. — P.
515-531.

6. Ghufran Isam Drewil, Dr. Riyadh Jabbar Al-Bahadili Forecast air pollution in smart city using deep
learning techniques: a review ghufran isam drewil , dr. riyadh jabbar al-bahadili / Ghufran Isam Drewil, Dr.
Riyadh Jabbar Al-Bahadili // 2021.

7. «Byeinoni TEC Vkpainu 3a6pyouroroms nogimps Haubitvwe ¢ €sponi — DW — 25.05.2021». [ama
3BepueHHs: 4, Jluctomax 2023. [Online]. Hoctymuuit y: https://www.dw.com/uk/vuhilni-tes-ukrainy-
zabrudniuiut-povitria-naibilshe-v-yevropi-doslidzhennia/a-57653232

8. P. by Memeonocm, «Memeonocm - Apxie nozoouy. [lama 3eepnenns: 23, Bepecensv 2023. [Online].
Hocmynnuii y: https://meteopost.com/weather/archive/
9. «llocooa y Kuesiy, SINOPTIK.UA. [lama 36epuenns: 25, Bepecenwv 2023. [Online]. Jocmynuuii y:

/fua.sinoptik.ua/no2ooa-xuis

10. «Axicmv nosimps 6 Yrpaini oHnraun: kapma MoHimopuney skocmi nogimps - SaveEcoBoty. /lama
38epuenns: 18, Bepecenv 2023. [Online]. JJocmynnuii y: https://www.saveecobot.com/maps

11. coordinates-converter.com, «Online converter to all coordinate systems | UTM, WGS.. | with mapy,
Online-Umrechner in alle gingigen Koordinatensysteme wie UTM, WGS, WGS84 und CHI1903, Gauss-
Krueger mit grosser Karte. /lama 36epnenns: 20, Bepecens 2023. [Online]. Jocmynnuit y: https://coordinates-
converter.com/en/decimal/51.000000,10.000000?karte=OpenStreetMap&zoom=8

117


https://www.dw.com/uk/vuhilni-tes-ukrainy-zabrudniuiut-povitria-naibilshe-v-yevropi-doslidzhennia/a-57653232
https://www.dw.com/uk/vuhilni-tes-ukrainy-zabrudniuiut-povitria-naibilshe-v-yevropi-doslidzhennia/a-57653232
https://meteopost.com/weather/archive/
https://doi.org/ua.sinoptik.ua/Ð¿Ð¾Ð³Ð¾Ð´Ð°-ÐºÐ¸Ñ—Ð²
https://www.saveecobot.com/maps
https://coordinates-converter.com/en/decimal/51.000000%2C10.000000?karte=OpenStreetMap&zoom=8
https://coordinates-converter.com/en/decimal/51.000000%2C10.000000?karte=OpenStreetMap&zoom=8

YJIK 004.93
Hernasko C.A. (Hayionanvuuii ynieepcumem «JIvgiscoka nonimexuixay, Yxpaina)

3ACTOCYBAHHS METO/IIB MAIIIMHHOI'O HABUYAHHS JUISIAIATHOCTUKHA
MMHEBMOHII

Anomauin: B pobomi po3ensioacmvca MOMCAUBULL CNOCIO BUABIEHHA O3HAK 3AX60PHOBAHHA NHE8MOHII Ha
PEHMEEHONO02IUHUX 300PAINCEHHAX 30 OONOMO20I0 MEMOOI8 MAUUHHO20 HAgYaHHs. OKpIM BUABNIEHHS 03HAK 34X80PI0OGAHHS
MaKoxic 8paxosyemucs ix kiacugikayis 6ionoeioHo 00 3-pvox eudie nHeemMonii (8ipycna, baxmepianvha, covid-19). [l
PO3NIZHABAHHS O3HAK HA 300PAdICEHHAX OYI0 BUKOPUCHAHO 320PMKO8Y HeUpOHHY Mepedicy. IIpoananizosano pezyromamu
Kracugixayii ma wiisaxu ni08UWEeHHs. MOYHOCMI CUCTEMU.

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
AKTyaJlbHicTh po00TH. 3 PO3BUTKOM TEXHOJOT1H, 30KpeMa 3 MOSIBOI0 METO/iBMAIIMHHOTO

HaBYaHHS Ta iX BJOCKOHAJCHHSM CTaJ0 MOXKJIMBUM HOKPAIIyBaTH MPOIYKTHBHICTh 0araTthox cdep
cydacHoro xwutTsA. Cepen HaWOUIBII aKTyalbHHX NUIAXIB 3aCTOCYBaHHS METOJIB TIHOOKOTO
HABYAHHS Ha CHOTONHINIHIA JIEHb 3aJMIIAETHCS BIPOBA/DKEHHS pillleHh B MEIUYHIN cdepi.
[IBHIKICTh, TOYHICTh Ta SIKICTh € KPUTUYHUMH ITApaMETpaMH, SIKi BPAXOBYIOTHCS TIPH PO3pooiIi
pillleHHST 3aBJaHb IOB’SI3aHUX 3 JIarHOCTUKOIO Ta JIIKyBaHHSIM. 3 TOsBOKO maHnaemii covid-19
JFO/ICTBO 3IMITOBXHYJIOCH 3 TAKUMHU MIPOOJIEeMaMH K BETMKUH MOTIM XBOPHUX Ta HECTa4aHEOOX1THUX
pecypciB, 10 B CBOIO YePry CIIPOBOKYBAJIO BUCOKY CMEPTHICTh JAHOTO 3aXBOpIOBaHHS. JIFOICHKUI
(dakTop TAaKOXX HE MOXHA BUKIIOUUTH, TPAIULSIIOTHCS BHIIAJKU HENPABUIBHO BCTAHOBJIEHOI'O
JIarHo3y, 110 3HaYHO MOJIOBXKYE IpoLeC JIIKYBaHHS ab0 X HaBiThb MOKE€ 3allIKOJUTH 30pPOB’IO
JOAUHU. 3aCTOCYBAHHS METOJIIB MAIlIMHHOIO HaBYaHHA I PO3Mi3HABAaHHS O3HAK IMHEBMOHII Ha
PEHTTE€HOJIOTTUHUX 300paKEHHAX MOKE 3HAYHO MPUILBUIIIMTH IPOLEC BCTAHOBJICHHS MPAaBUIBHOIO
niarHo3y. OKpiM TOTro TakKuil IHCTPYMEHT MOKHA BUKOPHUCTOBYBATHCH SIK JJOJIATKOBE JIXKEPETIO 3HAHb,
OCKUIbKM TpAIUISIOTHCS BUIAJKU KOJIM CKJIAJHO TOYHO BHU3HAYUTH BUJ 3aXBOPIOBAHHS IPOCTO
MOJIMBUBILUCH HA PEHTT€H 3HIMOK.

Mera ii 3aBranas podotu. Metoro poboTH € po3podka METOy 11arHOCTUKH PI3HUX BUIB
ITHEBMOHII 32 pEHTI'€HOJIOTTUHUMU 300paKEHHSIMH.

2. AHadi3 icHylouMx miaxoais

Ha choronuimHiil 1eHp ICHYIOTh AESIKI JOCHIKEHHS, MOB’S3aHl 3 PO3Mi3HABAaHHSAM O3HaK
3aXBOPIOBaHHS JIETEHh HA PEHTTEHOJIOTTYHUX 300pakeHHsAX. 30KpeMa y MocCiipKeHHi [1] omrcano
MeTo1 BUsIBIIEHHS covid-19 3a momomororo HeliponHoi Mepexi konTekcTHOI arperaiiii (CANN), ska
CKJIa/IaeThes 3 Tphox MoayniB:context fuse model (CFM), attention mix module (AMM), residual
convolutional module (RCM). Cyte MeTOoay AaHOTO AOCTIIKCHHS TOJIATA€ y BHUSBIICHHI JBOX
OCHOBHHUX oOiactell, moB’si3aHux 3 covid-19: cumMnToM «MaTtoBOro ckia» (TyMaHHE 3HM)KEHHS
MIPO30POCTI JIETEHEBOI TKAHUHU) Ta 30HY YUIUIbHEHHS JIET€HEBOI TKaHWHU, BHACIIJOK 3alIOBHEHHS
MOBITPSIHUX albBeosd. B maHoMy BHMaIKy BH3HAUAEThCS OJHE 3aXBOPIOBAHHS, MPOTE TAKOXK €
JOCTIPKEHHS 3 BU3HAYEHHS DPI3HUX 3aXBOPIOBaHb JIer€Hb, K Y AOCIKEHH1 [2], Hampukiiaf,

kjacudikaiisi JBOX CXOKHUX 3a O3HAKaMU Ha PEHTTeH-3HIMKAaX 3aXBOPIOBaHb: ITHEBMOHIi Ta
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TyOepKyIh03y. 3alponoHOBaHA B JAHOMY JOCIHIPKEHHI CHCTEMa TPAIIOE Ha OCHOBI 3rOPTKOBHUX
HEHPOHHUX MEPEX B MOEJHAHHI 3 TAKUMH METOJaMU MallMHHOTO HaBuaHHs sk SVM ta PCA.

Hocmimkenns [3] npucestueHo Kiaacudikarii OibIe HiX IBOX 3aXBOPIOBaHb JICTE€Hb, a CaMe:
THEBMOHI1, paKy JIeTreHb, TyOepKYIb03y, HEIPO30pOCTi JiereHs Ta covid-19. Meromomoris gaHoro
nocmipkenns nonsarae 'y noegHanHi VGG19 ta CNN. Takox, knacudikamist OibIne HIX JBOX
3aXBOPIOBaHb MpeJICTaBiIeHa Y AociipkenHi [4]. CTBopeHa cucTeMa y BUTIISI TOETHAHHS MOJICIICH
EfficientNetBO, EfficientNetB1, EfficientNetB2 mist BumoOyBaHHsS O3HaK Ta Kiacudikatopa y
Burisii Random Forest + SVM + jorictudnHa perpeciss 3aaTHa po3Mi3HABATH ITHEBMOHIO,
TyOepKynbo3 Ta covid-19.

VY nmocnimpkeHHi [5] Ha OCHOBiI 3rOpTKOBOI HEMpPOHOI Mepexi Oyiio MmoOyaoBaHO CHCTEMY,
3IaTHY PO3II3HABaTH MHEBMOHiI0, covid-19, kapaiomeraniio, MOMYTHIHHS JIeT€Hb Ta IUIEBPY Ha
U(PPOBUX PEHTICHIBCHKUX 3HIMKaX rpyaHoOi KIiTKA. OKpiM TOro, B AaHOMY JOCIHiIKEHHI OyIo
IPOBEICHO EKCIEPUMEHT 3 MOPIBHAHHS OaraTokiacoBoiTa OiHapHOI Kiacu]ikallii 3a J0mOMOTror
po3pobiieHol cuctemu. B pesynbTari OiHapHa Kiacudikallis Mmokaszajia 3HAYHO BHWIII PE3yJIbTaTH
toyHOCTi. I TOKpamieHHs pe3yibTariB Kiacu@ikalii 3axBOPIOBaHb 33 PEHTTEHOJIOTTYHUMH
3HIMKaMH y JIOCHi/pKeHHI [6] Oys10 Takok 3arporoHOBaHO METO/I MOTIEPETHHOT 00pOOKH 300payKeHbHA
ocHOBI (imeTpa T'ayca Ta morapudmigHoro omeparopa. Takwii MeTOJ BHSBUBCS EKOHOMIUHO
e(EKTUBHUM Ta MPOCTHUM Yy BUKOPHCTaHHI.

Bucoxkoi Tounocti, npubausHo 97%, 0ys10 10cArHyTO npu Kiacudikarii mHeBMOHIT Ta covid-
19 B nocnimpkenHi [7]. B ocHOBI cucTeMu, po3po0iIeHOT B 1TaHOMYIOCIIIKSHHI, 3rOPTKOBA HEHPOHHA
mepexka VGG ta mornepents o0poOka 300pakeHb3a TOMOMOTOK METOYy OOMEKEHOr0 KOHTPACTY
amantuBHOro BHpiBHIOBaHHS rictorpamu (CLAHE) B mnoemnanni 3 ¢impTpom romomopgHOL
Tpancdopmariii.

B nocnimxenni [8] 3anpononoBano apxitekTypy CNN, sika npaiitoe Ha 3MEHIIIEH i KiTbKOCTI
JaHUX, 110 CYTTEBO MPUIIBUAIIYE MIBUIKICTH ii HaBYaHHA. METOI NaHOro JOCHIKEHHs OyIlo
JNOCATHYTH MAaKCHMAQJIBHO MOXIIMBOI TOYHOCTI MpPH MaKCHMAJIBHO MOXXIMBOMY 3MEHIICHHI
HaBYaJbHUX JaHuX. [Ipyu moOynoBi mozeni Oyn0 3aCTOCOBAaHO METOAMKY, 110 IMITYE KOTHITUBHY
yBary. B pe3synpTari oTpuMaHa cucTeéMa BU3Hauaja MHEBMOHIIO 3 TOUHICTIO 95.47%. 3ropTKOBY
HEUPOHHY MEPEeXKY Takok Oylio BHKOPHUCTAHO Y JOCHUDKEeHHI [9] s kimacudikarii
PEHTT€HOJIOTTYHUX 300paXKeHb Ha J1Ba KJIAaCH: «HOPMa» Ta «ITHEBMOHIS».

ITocTanoBka npo6saemu. Ha nannii MOMEHT OCHOBHUMH MpoOeMaMu ITpU BUPILLIEHH] 3a/1a4l
pO3Mi3HABAHHS 3aXBOPIOBAHHS 32 PEHTTCHOJOTIYHUMU300PAKEHHSIMHU € IMIBUIICHHS TOYHOCTI Ta
e(hEeKTUBHOCTI CUCTEMH, a TAKO HASIBHICTh HEOOXIAHUX MaHUX. SK BIIOMO MEIWYHI JaHl 4acTo €
HEIOCTYIMHUMH a00 1X HeMae B JJOCTaTHIN KUIbKOCTI, PIIIEHHSM LbOTO € IITYyYHE JOMOBHEHHS AaTaceTy
3a JOTIOMOTOIOMETO/IIB ayrMeHTaIlii abo X MIITXOM IMiIBHINCHHS €()EKTUBHOCTI Kiacu(iKaIliiHol
MOJI€JII, SIK 3aIPOTIOHOBAHO y OCIIKEHHI [ 8].

3. Onmuc 3anponoHOBaAHOT0 METOLY

B nanomy nocnipkeHHI 3alpOINOHOBAaHO BUKOPHCTAHHS 3rOPTKOBOI HEHPOHHOT MEpexi JUIst
KkJacudikalii peHreHoJIOorYHNUX 300pakeHb 3 METOI0 BUSBICHHI0AKTepiadbHOI MHEBMOHI1, BIpYCHOT
MHEBMOHIT Ta cnpuuyuHeHoi covid-19. Pi3Hi BuAM NHEBMOHII MarOTh CBOI XapaKTEpHI O3HaKH,

npeacrasieni Ha Puc. ] Ta Tabmumi 1.
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6) B)

Puc.1 Pentrenomnoriuni 300pakeHHs JIETeHb 3 O3HaKaM{ HasSBHOCTI THEBMOHIIPI3HU BUJIIB: a)
BipycHa, 0) 6akTepianbHa, B) covid-19

Tabnuya 1.1. XapakTepHi 03HAKU Pi3HUX BUJ1iB THEBMOHIT

Bujx nHeBMoOHIT  [XapakTepHi Bi3yabHi 03HaKH

XapakTepu3yeThCsi M’ SIKUMU, HEIIPO3OPUMH 3aTEMHEHHSMU, SIKi JIO3BOJISIFOTH
BipycHa 0auuTH TKAHWUHY JereHb. MeHI BUIUMI KOHCOMiJAIii (3TyIIeHHsS TKAaHUHU
nereHb) (mpukian Ha Puc. 1.2.).

BaKTepialLHa XapakTepu3yeTbCss OUTBII  BUPAXCHUMH  KOHCOJINAIISIMUA  (3TYILEHHAMHA
p JIereHb), Ma€ JIOKali30BaHuil xapakrep (npukian HaPuc. 1.3.).
Covid-19 3aTeMHEHHS Y BUTJIA/II MO3aiK1, € ACHMETPUYHUMH (TIPUKIIA]] HA

Puc. 1.4.).

Jlns 301IbIIEHHST KUIBKOCTI TpPEHYBaJIbHMX JaHMX Ta CTIHKOCTI /0 3MiH 3aCTOCYEMO
ayrMEHTAIlII0 /10 TPEHYBAIBHOTO JaTaceTy. AYrMEHTAllisl TaHUX — IIe TPOIeC CTBOPEHHS HOBHX
NPUKJIA/IIB IaHUX [IUIIXOM 3aCTOCYBaHHS PI3HUX onepaliil TpaHcdopmallii 10 300paXeHb 3 JaTacery.
Cepen omepariiii, K1 OyJIu 3aCTOCOBaH1 J0300pa)k€Hb B TAHOMY JTOCJIIPKEHH] HACTYITHI:

° 3MiHa po3Mipy 300pa)k€HHs, LUIIXOM OOpi3KM 1H(OpMaIiiiHO HEBaXJIMBUX KpaiB
300pakeHHS, aJpKe JIJIs BUPIIICHHS 3a/]a4l Ba)KJIMBA JIUILIE 00JIacTh JIET€Hb, 1110 PO3TAllIOBaHA OJIMHKYe
A0 LCHTPY,

° MOBOPOT 300paKeHHsI Ha BUIAJKOBO OOpaHUil KyT Ta y JOBUIBHO OOpaHYCTOPOHY
JI03BOJIsIE CTBOPUTH Bapiallii 300pa’keHb MiJ] pI3HUMH KyTaMU;

° 3MiHa KOHTPACTHOCTI Ta ICKPaBOCT1 300pa’KeHHSI.

ApryMeHTaIlist JaHUuX ITOKPaIy€e HaBYaHHS MOJIEJIeH, TOTYIOUH 1X 10 HOBUX YMOBTA CUTYaITili.
VY BUMNAJKy 3 PEHTTCHOJOTIYHUMHU 300pa’keHHSIMM, B 3AJIEKHOCTI BiJI IPUCTPOIO HA SIKOMY Oyio
CTBOPEHO 300pakKeHHsI, MOXJIMBI [T€BHI Bapiallii IKOCT1 TAKMX 300pa’keHb. A TaKOX BPaXOBYIOUH, 1110
3a3BMYail MEAMYHI JaHi € He JOCTYMHUMH, a00 *k iX HEZOCTaTHBO, 3a JOMOMOTOI apryMeHTallii
MOXKHa IITYYHUM CHOCOOOM 30UIBIIMTH KUIbKICTh JaHMX.OKpiM TOTO, MPOBEAEHO IOMEPEIHI0
00poOKy 300pakeHb, MUISXOM CTAaHAAPTHU3AIIl JAaHUX Ta MIABUIIECHHS KOHTpacTHOCTI. OTpumani

300pakeHHs MepealoThes Ha BX1J] 3rOPTKOBOT HEHPOHHOT Mepexi, cxema sIKoi IpejicTaBieHa Ha Puc.
2.
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Puc. 2. Cxema apxitektypu CNN

3ropTkoBa HEWpOHHA Mepeka, BUKOpHCTaHA Juid Kiacuikaiii B JaHOMY JOCHIIKEHHI,
CKJIAJIA€THCS 3 7-MHU 3TOPTKOBHUX OJIOKIB, KOKEH 3 SIKUX BKJIFOUAE 3TOPTKOBUU IIAp, 3a SIKUM CITIIy€e
MaxPooling Ta Dropout. 3ropTkoBi LIapu BUKOPUCTOBYIOTbCS Uil BHUSBICHHS PI3HUX O3HAK Ha
300paxkeHHsx, MaxPooling 3MeHIIye po3MipHICTE OOpakeHHS, 30epiraroud Ba)XJIMBI O3HAKH.
Dropout BUKOpPHUCTOBY€ThCS MAJIs peryispusaiii mepexi (3amobiranHs nepeHaByaHHs). Ilicns
OCTaHHBOTO 3TOPTKOBOTO 050Ky BHKOpHcTOBYeThcs Global Average Pooling, mis 3meHmeHHS
PO3MIPHOCTI JAaHUX 1 CTBOPEHHS BEKTOpAa O3HAK, Ta 2 TOBHO3B’SI3HI IIapu Ais Kiacupikarii
300pakeHb Ha 4 kiacu. BUxigHUi m1ap cTaHOBUTH MOBHICTIO 3B’ 3aHU 1m1ap 3 4-pboX HEMPOHIB Ta
¢dyHkuiero akTuBauii softmax, 110 reHepye iIMOBIPHICTh HAJIEKHOCTI 300pak€HHS 10 KOXKHOTO 3 4-
ppoX KiaciB. JleTanpHIMIMKM ONUC Mepexi NpeacTaBleHO Ha Puc. 3 3 ypaXyBaHHSAM KUIBKOCTI
3aCTOCOBaHMX (UIBTPIB KOXKHOTO LIApy.

Puc. 3. Apxitektypa po3pobienoi CNN
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TpenyBanHs Mepesxi Oyno mpoBeneHo Mpu moAul naracety Ha 70% TpenyBainbHUX, 30 %
TECTYBaJIbHUX JAaHUX, a TakoxX mpu nojaitl — Ha 80% TpenyBanbHUX, 20 % TecTyBalbHHX JaHUX.
Bumioi Tounocti 88% 0Oyso gocsrayro nputpenyBanHi Mepexi Ha 80% manux. [Ipu TpeHyBaHHI Ha
70% nmanux Oyso mocsrHyTo TouHocTi 86%. Ha Puc. 4 npencrasieHo rpadik GyHKII BTpAT Imij yac
TPEHYBAHHS MEPEXKi.

— 0SS
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Puc. 4. I'padik ¢ynxkuii BTpat

BUCHOBKHA

3anporoHOBAaHO  ApXITEKTYpy 3TOPTKOBOT HEWPOHHOI Mepexi st Kiacudikarii
PEHTI€HOJIOTIYHHUX 300paXKeHb Ha 4 Ki1acH (BipycHa MHEBMOHIsI, OakTepiaibHa MHEBMOHIs, COVid-19,
BIJICYTHICTb 3axBOpIoBaHH:S). byno pocsarayro TouHocti 88% mpu kinacudikaiii Mepexero,
HaTpeHoBaHOIO Ha 80% 300pa’keHb BUKOPHCTOBYBAHOTO/IaTaceTy. B sikocTi monepeanpoi 00pooKu
300pakeHb 0YyJI0 3aCTOCOBAHO aPTMEHTAIII0, 1110 TO3BOJIMIIO PO3IIMPUTH JaTaceT.

Jlnsg mojanbuIoro BAOCKOHAJIEHHS MEPEkKi Ta MIABUIIEHHS TOYHOCTIKJIAcU@iKalii MOKHa
cnpoOyBaTu YCKJIaJHUTH apXiTEKTypy Mepexi, a TaKoX 3aCTOCYBAaTH aHCAMOJl JEKUIbKOX TaKuX
MepeK A7 OB ePEeKTUBHOI pOOOTH Ta KpalluX pe3yibTaTiB.
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VJIK 004.8

Heusogona JI.B., Kpuxkynenko K.M., Makapos C.1. (/Jonbacbka oepocasna mawunodyoiena
axaodemis, M. Kpamamopcwk-Tepronine, Yxpaina)

BUKOPUCTAHHS HEMPOHHOI MEPEXI JJISI TIPOTHO3YBAHHSI
TPEHAIB OHJIAHUH IT'OP

Anomauia. Y pobomi poszensidacmovcs mamemamuunuii anapam Ona NpoeHO3V6aHHs MpeHoie ma 3a2anbHOi
3ayikagieHoCmi KOpUCmyeayie OHIAUH 120p 3 BUKOPUCMAHHAM MEXHONO02IU HeupoHHux mepedxc. [ npocHOo3y8aHH:
mpenoié NPONOHYEMbCA MOOEb, Y AKI GUKOPUCIOBYEMbC 080ULAPOBA HEUPOHHA Mepedca 3 HOPMANi3ayicio Oanux i
NiO20MOBKOI0 HABUANLHUX NAp O NOOANbUIO20 HABYAHHA Mepedci. B axocmi 6XiOHux oauux 01a maxoi mooeni
BUKOHYEMbCA 8UOOPKA NOKA3HUKIE OMIAUH-AKMUBHOCMI 3 COYIANbHOI Mepedci Kopucmyeauie ounauu izop Steam.
Biosnauaemosca cucmemnuil nioxio wo0o UKOPUCMAHHI HEUPOHHUX MepPedC OJid NPOSHO3YEAHHSL COYIATbHO-EKOHOMIYHUX
npoyecie y mepeaci 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.

INIOCTAHOBKA TIPOBJIEMMU. VY cdepi irpoBoi MNPOMHUCIOBOCTI YCHIX HEPIIKO
BUMIPIOETBCS CYMapHUM JOXOAOM 1 KIJIBKICTIO 3aBaHTaXeHb. Lli MOKa3HUKH MOXYTh JOCATAaTH
MO3HAYOK y MUIBMOHH J0JapiB, 10 HE 3aBXKAH € JOCTYIHUM JAJis OUTBIIOCTI IrPOBUX MPOIYKTIB HA
pusky. [IpoTe, HaBiTh HEBENIHMKI KOMIaHII MOXYTh YCIIIITHO PO3BHBATH CBil Oi3HEC, SKIIO 00EpyTh
MpaBWIbHUN MiAXia. s qOCATHEHHS YCIiXy Y JOBIOCTPOKOBIH MEpCIEeKTUBI HEOOXITHO MpUiMaTH
BUBA)XCHI PIICHHS IS IOJAJIBIIOTO PO3BUTKY. Y CIiX HA PUHKY 3aJICKUTH BiJ TOTO, HACKUIBKH ITpH
BIJIMOBIAIOTh MOMUTY HA PUHKY Ta iHTepecaM KopuctyBadiB. Lleii mporec y cyyacHOMY CBIiTI Mae
Ha3BY «TPEH/IBOTYIHI».

3a mMX YMOB MOXIIMBUM IHCTPYMEHTOM JJsi TPUHHATTSA pilleHb KOMHOAHISIMH —
PO3pOOHUKAMHU TIPOTPAMHOTO 3a0e3MeYeHHs] MOXKE BHCTYIMUTH 3aCTOCYBAaHHS MPOTHO3YBaHHS
TPEHIIB y KOMIT'IOTepHUX irpax. B skocTti oOpoOkM BeJMKHMX MacHBIB Ta MpPOTHO3Y TPEHIIB
MIPOTIOHYETHCST PO3MVISIHYTH CEpPeHIA OHJIAWH KOMM'IOTEPHUX Ir0p, BUKOPHUCTATH CTATUCTHUYHI
Mmetoau [1] Ta mTyyHi HEHPOHHI MEpexi.

AHAJII3 OCTAHHIX TYBJIKAIIA. OG'ekToM  cOLiadbHO-€KOHOMIYHOTO
MIPOTHO3YBAHHS € COI1aIbHO-€KOHOMIYHI MTPOIIECH — TOOTO. CYKYITHICTh €KOHOMIUYHHUX Ta COLIAIbBHUX
npoiieciB popMyBaHHA Ta GYHKIIOHYBAHHS COLIaJIbHO-€KOHOMIYHOT CUCTEMH, 10 XapaKTepU3yIOTh
JUHAMIKy 3MIHM ii MapamMeTpiB Ha MEBHOMY pIBHI TOCHOJAproBaHHS. 3aCTOCYBaHHS METOJIIB
COL1aIbHO-€KOHOMIYHOI'O MPOTHO3YBaHHSA JJISl IPUMHATTS YIPABIIHCHKUX PIIIEHb CTAN0 00’ €KTOM
nociipkenab B. I'. Boponkosoi [2], ['eente B. M. [3], b. €. I'pa6osenskoro [4]. ¥V poboTi [5] L
MyHkauiif Ui po3paxyHKY MPOTHO3HOI'O 3HAUEHHs MMOKa3HUKA MPONOHYEThCS BUKOPUCTOBYBATU
METOJI EKCTPanoJIAIii TpeHaiB. Y poOOTi [6] ATEeKOMMIO3UIlIS TPEH/IIB BUSBHIA HASBHICTh CE30HHOT
KOMIIOHEHTH JUI COILIalbHOI iHXeHepil. Y poOoTi [7] po3risiiaeTbcsi MPOTHO3YBAaHHS TPEHIY
cBITOBHX I11H Ha 0a31 CMI-Moaeni eKOHOMIYHHX IIUKIIIB.

MeTtoww po6oTHM € TMiABUINEHHS e(EeKTUBHOCTI Mpolecy MNPUHHATTA pIillleHb
HIIPUEMCTBAMHU 3 PO3POOKH Ta BIPOBAXKIECHHS KOMIT IOTEPHHUX IMOp 3a PaxyHOK CTBOPEHHS
METOJMKHA MPOTHO3YBaHHS TPEH/IB Ta 3arajbHOI 3alliKaBJIEHOCTI KOPUCTYBayiB OHJIAMH 1rop 3
BUKOPUCTAHHSAM TEXHOJOTIH HEHMpOHHUX Mepex. Taka MeToAMKa J03BOJIUTH PO3POOUTH
iH(dopMaLiifHy cucTeMY MIANPUMKH MPUMHATTA pillIeHb Ta aBTOMAaTU3YyBaTH MPOLIEC OTPUMAaHHS
pekoMeHaliif Ha 6a31 TPEeHIBOTYHHTY.
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ABTOpaMu MPOMOHYETHCS MOJIENb, Y SKI BUKOPHUCTOBYETHCS ABOIIAPOBA HEUPOHHA Mepexka
3 HOpMAJli3aIli€l0 JaHUX 1 MJATOTOBKOI HABYAIBHHUX Map U MOJAIBIIOT0 HABYAHHS MEpPEexi.
Mepexka Mae J1Ba BXOAU 1 OAMH BuXifA. sl miIroTOBKM JaHWX TEpe] HABYAHHSM IPOBOJIUTHCS
HOpMaJi3allis BXigHux gaHux B aiamasoni Big 0 go 1 [8]. Ha mpakruiii maHa mojenb 6a3yBaTHMETHCS
Ha BUKOPUCTaHHI O0i0mioTeKH brain.js Al MPOTHO3YBaHHS OHJIAWH-aKTUBHOCTI B T€HMIHTOBOMY
cepBici Steam. Steam — oHJaliH-cepBiC HU(PPOBOrO0 PO3MOBCIOHKEHHS KOMITIOTEPHHUX Irop Ta
nporpaM, po3poOinenuii kommaniero Valve. Steam Bukonye ponb miaargopmu I
0araToKOpPUCTYBAI[LKUX IrOp 1 TOTOKOBOTO MOBJICHHS, @ TAKOXK COIIaJIbHOT MEPEXKi JUIsl TPaBIIiB.

ITix TepMiHOM «TPEHABOTYIHI», KU Ma€ aHTIIOMOBHE MOXOKeHHs (Bix trend watching),
PO3YMIETBCS 3IaTHICTh MPABUIIBLHO BiJICTE)KYBATH TPEHAH HA PHHKY, @ TAKOX CBOEYACHO pearyBaTu
Ha iXHIO TOSIBY B iH(opmauiiHomy cepenoBumii. Ilix TpeHIOM BapTo pO3yMITH SBHUILE, SKOTO
30epiraeThCs CTIMKUN 1HTEpeC 3 00Ky KopucTyBadiB. [Ipu iboMy 1 came 1€ SBHINE XapaKTEPU3y€EThCS
CBOEPITHOIO JIOBTOBIYHICTIO Ta CTAOUIBHICTIO.

Taka mporHo3Ha iHGOpMAIliS JaCTh MOMJIHMBICTH 3PO3YMITH, SKHM YUHOM 3MIHIOETHCS
KUTBKICTh TPABIIIB BiJ] MICSIIS JO MICSI Ta BUSHAYUTH MAaOyTHI TpeHIU. MOJEIb BUKOPHUCTOBYE
HEHpPOHHI MepesKi [/ IIPOrHO3yBaHHA MaOYTHLOTO OHNAMHY B irpax. Ii miAroToBKa BK/IIOYAE KilbKa
eTalliB:

1. 306ip maHuUX — BUKOPHUCTAHHS JAHUX MPO CEPEHIO0 KUTbKICTh IPaBlliB, MPUPICT IPABIIIB,
NPUPICT Y BIICOTKAX Ta MK OHJAWHY IS KOXKHOTO Micsiis 3 )koBTHS 2021 poky 1o xoBTeHs 2023
POKYy.

2. Hopwmamizamisi 1aHMX — MepeTBOpeHHs 3Ha4eHb Ha mkary Bix 0 mo 1. Lle momomarae
MOJIITI Kpalle aJanTyBaTUCs JI0 BXIJHUX JaHUX Ta YHUKHYTH IpOOJIeM, MOB'SI3aHUX 3 PI3HUIICIO B
MacmTall 3Ha4eHb Pi3HUX aTpUOYTIB, VISl HOpMai3alii 1aHuX Oyae BUKOPHCTOBYBATHCS HACTYITHA

bopmymna:

— XI_Xmin i (1)

X X X

max~ /N min

ne Xi — HopMalni3oBaHe 3HAUEHHsS, Xi — OpPMTiHAJIbHE 3HAUEHHS, Xma — MAKCHMAIILHE
3HAYEHHSI, Xni— MiHIMaJIbHE 3HAYCHHS.

3. TloOynosa HaB4yanmbHUX Nap. Ha ocHOBI HOpMali30BaHUX AaHUX (POPMYIOTHCS HaBUAJIbHI
napu [9], B IKMX BXi/IHI aHi BiMOBIaI0Th OJJHOMY MICSII0,  BUXI/IHI JaHi epea0ayaroTh KijbKiCTh
Cepe/IHIX IPaBIliB HACTYITHOT'O MICSIISL.

4. CTBOpeHHs Ta HaBYaHHS HEHPOHHOI Mepexi. Moieslb BUKOPUCTOBYE HEHPOHHY MEPEKY
3 mapameTpamH, sIKi MO)KHa HayamrToByBaTH. I1icis miAroToBKM JaHUX MOJAETh HAaBYAETHCS Ha X
HaBYaJIbHUX Mapax.

5. IIporHo3yBanHs MaiiOyTHbOro OHaiHy. Ilicns HaBYaHHS MOJeNb BUKOPUCTOBYETHCS
JUISL IPOTHO3Y CEepeHbOi KIIBKOCTI TPaBLiB HAa HACTYNHUN MICSAIb HA OCHOB1 OCTaHHIX JOCTYIHUX
naHux. Ilicns mpoOrHO3y BHMKOHYETHCS NEperiisj pe3ysibTaTy [uld OTPUMAaHHS MPOTHO30BaHOI
KUIBKOCT1 TPaBI[IB y pPEATbHUX OJWHHUIAX, JUIS IOTO JaHl MOBHHHI OyTH JEHOpPMAasi30BaHHI.
BukopucToBytoun (GopMyly HOpMaisamii BEpa3uMo Xi, BHACTIJOK 4OrO OTPHMAEMO HACTYIIHY

hopmyy:
XI =>(i (Xmax_xmin)+xmin (2)

JC X, — Z[CHOpMaJIiSOBaHC 3HA4YCHHA, Xi — HOpMaHi3OBaHC 3HA4YCHH, Kinax — MaKCHUMAJIbHE

3HaueHHs, Xmin— MiHIMaJIbHE 3HAYCHHS.
6. IloOynyBanus rpadixky. Ha oOCHOBI OTpuMaHUX MHaHUX, OyayeTbes Tpadik, KU
Bil0Opakae TMHAMIKY 3MiH CepeIHbO1 KIJIbKOCTI IPaBIIiB, a TAKOXK BKJIIOYA€ B ceOe HaBYallbHI JaHi,
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TECTOBI JaHl Ta MPOTHO30BaHI 3HaueHHs. [loOymoBanuii rpadik AO3BOJIUTH Bi3yaJIbHO MOPIBHATH
peanbHi AaH1 3 TPOTHO3HUMH, 11€ AACTh 3MOT'Y 3p03yMITH, HACKUJIBKU JOOPE MOJIENb BUPINIYE 3a1a49y
MIPOTHO3yBaHHSI.

BUCHOBKH

Taxkum 4rHOM, 3aIPOIIOHOBAHA MOJIEITb JI03BOJISIE KPaIlle PO3YMITH TEH/ICHIIIT Ta B3a€EMO3B'SA3KH
MDK pI3HUMHU aTpuOyTaMH TE€MMIHTOBHX JaHHMX 1 MPOTHO3YyBaTH MalOyTHI 3MIHH Y T€HMIHTOBOMY
cepenoBulli. Bona Moxe OyTH BUKOpHCTaHa JUIS OKPAIIEHHS YIPABIiHHSA PO3POOKOI0 MPOrpaMHHUX
MIPOJIYKTIB y cdepi KOMIT'IOTEPHHUX Irop, a TaKOX Il MPUHHATTA 1HPOPMOBAHHUX PIIIEHb MO0
PO3BHUTKY IeHiMiHIOBOI 1HAYCTPIi.
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Ouaiiinuk C.1O., Onnmyk C.I'., Tyaynos B.1. (JlonOackka nepskaBHa MamHOOyAiBHA aKaaeMis,
M. Kpamartopchk, Ykpaina)

THTET'PAIIS IITYYHOTI' O IHTEJIEKTY TA HEUPOHHUX MEPEX Y KYPCI
«OCHOBH TEXHIYHOI TBOPYOCTI»

Anomauia. Y cmammi pozensanymi npodiemu oceocuts oucyuniinu « OCHO8U MEXHIYHOT MBOPHUOCMI» 8 YMOBAX
OUCMAaHYitiHo20 ma 04HO20 HasuaHHs. Busnaueni ochosHi nepenonu 08 00CACHEeHHS pe3yabmamie Ha8YaHHs.

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.

Jucuumutina "OCHOBY TEXHIYHOT TBOPYOCTi" B CY4aCHUX YMOBAX BU3HAYAETHCS K KIFOUOBHUI
€JIEMEHT OCBITH Ha 0aKajJaBpChKOMY piBHI Ha Kadeapi IHHOBAIIHUX TEXHOJIOTIH Ta yrpaBidas [1].
OcBiTHS mporpama Ii€i TUCIUILUTIHA Ma€ TJIMOOKI KOPEHI Ta BH3HAYCHY CTPYKTYPY, SKa PO3BHBAE
BaYUIUB1 HAaBUYKHU JUIs CTyAEHTIB [2, 3]. [IBuaKi 3MiHM B TEXHIYHOMY CBITI BUMararoTh BUPIIICHHS
HOBHX 3aB/IaHb y TEXHIIll Ta TEXHOJOTISX, [0 POOUTSH II0 TUCIHILTIHY aKTYaJIbHOO.

VY cydacHOMY OCBITHBOMY CEpEIOBHIII BAXJIMBO HE JIUIIIE OTPUMYBATH MPOQECiitHi HAaBHUYKH,
aJie 1 pO3BMBATH TBOPYi 3110HOCTI MalOYTHIX iH)keHepiB. PaxiBIli ChOTOJCHHS PO3B'SA3YIOTh CKIIaIHI

3aBlaHHA, O0'€IHYIOUM pi3HI HAYKOBI raiy3l Ta 3abe3meuyroyd KOHKYPEHTO3[JaTHICTh CBOIX
MPOAYKTIB. AKTHBI3aIlisl TEXHIYHOT TBOPUOCTI CIIPHsi€ BUHUKHEHHIO HOBUX 1 BJIOCKOHAJICHUX PIillICHb.
3acTOCyBaHHS IITYYHOIO IHTENEKTY Ta HEHPOHHUX MEPEK MOXKe 3HAYHO MOJIMIIUTH IpoIiec
BHUKJIaMaHHs quciuiuiiag "OCHOBY TeXHIYHOT TBOpUOCTi". HelipoMepekeBi TEXHOJIOTII MOXKYTh OyTH
BUKOPHUCTaHI JUIsl aHAMi3y 1HAUBIAYaIbHUX OCOOIMBOCTEH CTYIEHTIB, a TAKOX ISl MPOIMO3ULIN
1HAMBIIyaIbHHUX 3aBJJaHb, CIPSIMOBAHMX Ha IXHI CHIIbHI CTOPOHU. LLITYydHUI IHTETEKT MOXKE CITYKUTH
IHCTpyMEHTOM JUIS aBTOMAaTH3allii OIHIOBaHHA TBOPYMX POOIT CTYAEGHTIB Ta pPO3pOOKU
IHIMBIIyaIbHUX TIIX0/IIB 1O KOKHOTO 3 HUX.

Kypc "OcHoBu TexHIYHOT TBOPYOCTI" MOXke OyTH MepeTBOPEHUi 3a JOMOMOTOK0 ITYYHOTO
IHTENeKTy 1 HelipoMmepexk. Hampukian, cucremMa Moke BUKOPHCTOBYBATH JITOPHUTMH MAaIIMHHOTO
HABYaHHS JJIs aHaJI3y Ta Kiacudikailii i1ei, aKi IpONOHYIOTh CTY/ICHTH, 1 HaJJaBaTH 1HIUBIAyaTbHHIMA
¢bia0ex s TOKpAIIeHHs! IXHIX TBOPUYUX HABUYOK.

3acTocyBaHHsI IHHOBAL[IMHUX TEXHOJIOTIH, TAKUX K IITYYHUH IHTEIEKT Ta HeHpoMepexi, B
KOHTEKCTI JTUCHMIUTIHA "OCHOBU TEXHIYHOI TBOPUOCTI" MOX€E CTAaTH MEPCHEKTUBHUM HAIMPSIMKOM
PO3BUTKY, CIIPUSIOYH O1IbII €(EeKTUBHOMY BUBUEHHIO Ta PO3BUTKY TBOPUHUX 3A10HOCTEH CTY/IEHTIB.

BukopucTaHHs MITYy4YHOTO 1HTENEKTY Ta HEMpOHHUX Mepex B Kypci "OCHOBU TEXHIYHOI

TBOpUOCTI" MOXe OyTH BIOCKOHAJEHOIO CTpAaTEri€l0 i MIATPUMKU CTYAEHTIB Yy iXHBOMY
HaBYaJIbHOMY IIPOLEC] Ta PO3BUTKY TBOPUYUX HABUYOK. OCh JIesIKi HANPSMKH, SIKI MOXKHA PO3TJIAAATH:

1. IMepconasizoBaHe HABYAHHA:

. CucteMu MTYYHOrO IHTEJIEKTY MOXYTh aHaII3yBaTH I1HJIUBIAyaJlbHI HaBUYKH Ta
c1a0Ki CTOPOHU KOKHOTO CTY/IEHTA.

. Heiipomepexxi MOXXyTh CTBOPIOBAaTH II€PCOHANII30BaHI HaBUAbHI TPA€EKTOPii, e

CTYJEHTaM MPOIIOHYIOTHCS 3aB/IaHHS Ta MaTepialiu, sIKl BIAMOBIIal0Th IXHBOMY PIBHIO 3HAHb 1 TEMITY
HaBYaHHS.

2. ABTOMATH30BaHA OL[IHKA TBOPYOCTI:

. 3acTocyBaHHSI HEUPOHHUX MEPEX JJIs OI[IHIOBAHHS TBOPUYUX POOIT MOXKE JOTIOMOTTH
00'eKTHBI3yBaTH MPOIIEC OLIHIOBAHHS.

. MoXnuBICTh BU3HAYCHHS 1HHOBAIlIMHUX €JIEMEHTIB Ta OIIHKA IXHHOTO BIUIMBY Ha
pilIeHHs TPo0IeMH MOKe OYTH aBTOMaTHU30BaHOIO.

3. I'enepanis TBopuux ineii:
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. 3acToCyBaHHS T'CHEPATUBHUX HEHPOHHUX MEPEXK IS CTHMYITFOBAHHS TBOPYOTO
MUCJICHHS Ta TeHepallii 11eH.

. BukopucTtanHs airopuTMiB MallMHHOTO HAaBYaHHS JUIS aHai3y 1JIed CTYIEHTIB Ta
HaJaHHS iM PEKOMEHIAIlIN SIS TOJIIIIEHHS Ta PO3IIMPEHHS TXHIX KOHIEIITIN.

4. CnpusiHHA BUPilICHHIO TBOPYMX 3aBJaHb:

. CTBOpeHHsI BIpTyaJbHUX ACUCTEHTIB, AKi 0a3ylOThCS Ha aNrOpPUTMAax MAIIUHHOTO
HaBYaHHS Ta MOXYTh HaJaBaTH CTYACHTAM MiATPUMKY IIiJ Yac BUPIIEHHS TBOPYHMX 3aBJaHb.

. Bukopucrtansus HelipoMepex AJid aHaIi3y HIAXOMAIB 10 PO3B'I3aHHS MPOOJieM Ta
PO3pOOKU CTpaTeTil I ONTUMAIBLHOTO BHPIIIICHHS.

5. Bincrexxenns Ta anaJjis mporpecy:

. 3acTocyBaHHS aNTOPUTMIB HaBYaHHS ISl BIJICTEKEHHS Ta aHali3y Mporpecy
CTYJECHTIB y PO3BUTKY TBOPUMUX HAaBUYOK.

. BusnaueHHs 1HAMBIIyalbHUX JOCATHEHb Ta 3alPOINOHYBAHHS BJIOCKOHAIEHB JIJIS

HOJAJIBIIOTO 3POCTAHHS.

3arajpHa MeTa BUKOPUCTaHHS IITYYHOI'O IHTEJIEKTY Ta HEHPOHHUX Mepex y Kypci "OcHoBu
TEXHIYHOI TBOPYOCTI" MOJISATa€E B TOMY, 11100 CTBOPUTHU €(PEKTUBHE Ta IHTEPAKTUBHE CEPEAOBUILE IS
CTY/CHTIB, SIK€ CHpHUSE PO3BUTKY iX TBOPYMX 3IIOHOCTEH Ta TIIMOOKOMY PO3YMIHHIO TEXHIYHHUX
KOHLIEIILII.
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YJIK 004.6; 004.8

MaBawk O.M., MequkoBcbkuii M.O., Mimyk M.B. (Hayionanvuuii ynieepcumem «JIvgiscoka
nonimexuixay, Jlvsis, Ykpaina)

METO/ JATA-MAMHIHT'Y Y HEHPOMEPEKEBOMY ITPOI'HO3YBAHHI
3AJIMIIKOBOI'O 3APS Y AKYMYJISITOPHOI BATAPEI KEPOBAHOI
POBOTOTEXHIYHOI INIAT®OPMUA

Anomauyin: B pobomi npedcmasneno memoo Ha OCHOGI eMUOOKUX HEUPOHHUX Mepedc ma 0ama-MaiHiney 0Jis
NPOCHO3YB8AHHA HANPY2U 6 eNeMeHmAax aKyMyIamopHux obamapeii Keposauoi pobomomexniunoi niamepopmu. [na
8UABIEHHA 8I0CYMHIX OAHUX NPOBEOEHO iIX NONepeoOHE ONPAaylo8aHHsA HA OCHOBI aAHANI3Y 8apiayii WIAXOM PO3DAXYHKY:
CMAHOAPMHO20 GIOXUNEHHA, BAPIAHMHOCMI, MIHIMANLHUX A MAKCUMATbHUX 3HAYeHHb, Oianda3oHy, JNiHIlIHO20 ma
CMAaHOApMHO20 GIOXUNEHHb OJIs 8CIX 00380JIEHUX 3HAYEHb cuemd. Bmpauenumu 8easicanu 0ami, cuema AKUX nepesunyysand
1,5 ma ix gionosunu ko83Hum cepedHim 3 giknom 12. IlInax akuti npoxooums KepogaHa poOOMoOmexHiuHa niam@popma
po3ounu Ha ceemenmu. [[is KOJHCHO20 3 HUX HA OCHOBI 0ama-MauHIHeY pO3paxyeanu 000amKosi napamempu. KilbKicimo,
mpusanicms, debma Hanpyau, KiHyegy ma nouamxogy Hanpyey nio uac npoizoy ceemenma. /lani po3ounu na cmamuyui
ma ounamiuni kameeopii. Iliocomysanu mpenysanvhi, 6anioayiini ma mecmosi Habopu Oist 2IUOOKUX HEUPOHHUX MEPEC.
Excnepumenmu, nposedeni na oawux KPII Formica 1 komnanii AIUT Ltd., noxaszamu 6ucoxky mouHicme
xkopomkocmpokogoeo (MAPE =0,09%) ma cepeonvocmpokogoeo (MAPE =0, 18%) npoeno3yeanns.

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 KOHIenuii iHAycTpii 4.0 kepoBaHi podororexHiuHi muargopmu (KPII) cramu
HE JINAIIE JDKEPEIOM Pi3HOMAHITHUX JaHUX OTPUMAaHMX 3 iX ceHcopiB [1,2]. Bunukia HEOOXiqHICTD Y
IHTEJNIEKTYalbHOMY aHaJli31 LIMX BEJIMKUX MAacHUBIB JIaHUX 3 METOI0 MOKPAIIEHHS YINPaBIIHCHKUX
pimeHs mogo Jsorictuku KPII. YV cyuacHMX BHYTpIIIHIX TpaHCIOPTHUX CHCTeMax, sKi
BIJI3HAYAIOTHCS THYUKICTIO Ta €(EKTUBHICTIO, BAKJIMBO MAKCUMAJIbHO €(PEKTUBHO BUKOPHUCTOBYBAaTH
akymynsatopHi Oarapei KPII. Ockinbku KPII € eneprosaiexHUMHu, TO BiJl TOYHOT'O IMPOTHO3Y
3aJIMIIKOBOTO 3apsily iX aKyMyJsTOPHUX OaTapeil 3aleXWuTh BeCh IMPOLEC BUKOPUCTAHHS IUX
wiatopM Ha miAnpueMcTBax. Tomy mpobiema MpOrHo3yBaHHS po3psiay OaTapei Ta 3arajlbHOTO
YIPaBJIiHHS HEIO 3aIMIIAETHCS aKTYalbHO0, HE3aJIeKHO BiJ KOHKpeTHoro tuiy KPII.

Ha cporoguimHiii JeHb OAHMM 13 HaMNEpPCNEeKTUBHIIIMX HAMNpsAMKIB MPOTHO3YBaHHS
3QJIMIIIKOBOTO 3apsly B €JIeMEHTaxX akymyJsiTopHux 6arapeit KPII € MeToan MammmHHOTO HaBYaHHS
[3,4]. OcobnuBicTh CHUCTEMH HEUPOMEPEKEBOIO MOJETIOBAHHA SK METOAYy Mg MoOYyIoBU
MIPOTHOCTUYHUX MojieJedl mojsrae B ii 3JaTHOCTI aBTOMAaTMYHO BUBYATH Ta aJanTyBaTUCS IO
CKJIaJHUX HEJTMHIMHUX 3aJ€KHOCTeH y BXiJIHUX AaHUX. B X OCHOBY MOKJIaJieHO IITY4YHI HEHPOHHI
mepexxi (IIIHM). Bonu 103BOJNIAIOTH BpaxoByBaTH CKJIaJHI B3a€EMO3B'SI3KM  MDK PI3HUMHU
XapaKTEepUCTHKaMM 1 BpaxOBYBaTH iX AMHAMIKY B 4aci Ta ajanTyBaTHcs A0 3MiHHHX ymoB. [IIHM
MOXXYTb MPAIIOBATH 3 BEJIMKAM OOCSITOM PI3HOTUITHHUX AaHUX. TouHicTh HaBuaHHs [IIHM 3anexuth
He JuIe Bij 00’ eMy, ane i BiJ AKOCTI JaHUX.

OCHOBHHUMHU HEJOJIIKaMH SIKi IIOBHHHI OyTH YCYHYTI B 1aHuX € [5, 6]:

® HasABHICTb aHOMAJIi, IOMIJIOKU M BIJICYTHICTh BaXXJIUBOI 1H()OpMAIIT;
® HEpEeNpe3eHTATUBHICTh BUOIPKH 3 HEAI€KBATHUM B1100paKEHHSIM PO3MOUTY 3MIHHHUX;
e Majui oOCAT TaHHX;
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® HASIBHICTH IIYMY B JIaHHX;
e BIJCYTHICTb OajlaHCy MiX PI3HUMH KJIacaMU y BUOIpIIi;
® HAasSBHICTh BUKPUBIICHb 3 IPUXOBAHUMH UM CHCTEMATUYHUMH CIIOTBOPEHHSIMH.
36ip manux KPII Formica 1 Ha OoCHOBI sikMii poOWJIM MPOTHO3 MIIIHCHOBAIM HA OJHOMY
nosepci mianpuemcrBa AIUT, I'nmisine Ionema. Ha Puc 1. mpencraBnena mama mapmpyty KPIT
Formica 1 mo0ymoBaHa 3a T0IIOMOTOI0 CIEIIaai30BaHOro Mporpamuoro 3abdesmneuenns Navitrol v 6.4

[6, 7, 8].

Puc 1. Mana mapmpyry KPIT Formica 1 va mianpuemctsi AIUT.

CBiT/10-KOpUYHEBUM  KOJIBOPOM TMO3HA4YeHi cramioHapHi mnepemkoau (CTiHH,
cranioHapHi po0o4i Micus, e NPalTh JIIU, ajJeTu Ta in.), 1e pyx KPII 0yB 3a0oponenuii.
CuniMu JiHiIMH NO3HAYeHO HLIAX, AKUM Ao3BoJieHuil pyx KPII. Hapirauniiini Touku, mix
sskumi i31uTh KPII, no3HaveHi BeJJMKUMHM YOPHUMH KPANKaMH 3 KOPUYHEBOK0 BEPTUKAJIbLHOIO
JiHie. MajleHbKi YOPHi Kpanku - ne BiApi3ku, Ha sIKi noaieHo Becb MapmpyT. CyKynHicTh
HaBiraiiHUX TOYOK YTBOPIOE arperar, T00TO JIOTIYHY OAMHHUII0, B Meskax kol KPII noBHicTiO
BHKOHA€ O/IHE MOCTABJIEHE Nepe] HUM 3aBJAaHHA. MapmpyT cK/Iaga€eThes 3 NPOHYMEPOBAHUX
CerMeHTIB YepPBOHMMH Ta 3eJICHMMH KoabopaMu. YepBoHuM koabopoM, koiu KPII pyxaerbcs
nepeaoM, i 3eJieHUM, KOJIM BiH pyxaerbcst 3a10M. LluM cerMeHTaM NprcBOOIOTHCHA YHIKAJIbHI
HOMEpH IIPH CTBOPEHHI KAPTH MapHIPYTY i He 3MIHIOIOTBCS 10 THX IipP, IOKH KapTa MapumpyTy
He Oy/e 3MiHeHa.

Ha puc.2. noxa3zano ¢peiim crpykrypu 360py nanux KPII Formica 1.

Field

M secinnING
i mimesTame

Size (bytes)
Byte number

UINT |— = VY

AsCll

Format

1 BT
=\JIJI\TIIIIJII\EIEIJ\I\{L{IJI\\

Puc. 2 ®peiim ctpyktypu 300py aanux KPIT Formica 1.

JlaHi moao eHeprocno:kuBaHHs po3mimeni Bin 83 6aiity 1o 98 6aiity. B Hux itne 3anmuc

TAKUX MapaMeTpiB:

® MHTTEBE CIIOKUBAHHS cTpyMmy (MA);
Harpyra eJeMeHTa kuBjieHHs (MV)
MUTTEBE criokuBaHHs eneprii (W)
MUTTEBE criokuBaHHs eneprii (W)
aKyMyJIsITUBHE crioxkuBanHst eHeprii (Wh)
Hactymanx 3 6aiiTi € 3ape3epBOBaHUMU TIiJ1 iHIII (DYHKIIIT ITOB’s13aHi 3 €HEPrOCIOKUBAHHIM
KPII Formica 1. Bci ictopuuHi faHi 3uuTyBanucs 3 06a3u 1aHux Ta Hagcuiamucs Ha nopt 5000. 3a
JIONIOMOT00 KITlieHTChKOTO mpoTokoiy OPC UA nani 3anucyBasucs y daiin 3 posumpenssm ".pkl” y

Example

F
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dopmari CSV (comma-separated values). Jlns orpumanus HeoOximaux napametpiB KPII 3 daitmy
" pkl" BukopucroByBanacs nmporpamta 6i6miorexka Pandas mosu Python.

JaTa-maliHiHT 31IMCHIOBAIY Y KiJIbKa eTamiB. 3riHo ctanaapTy npotokory OPC UA 3 meToro
€KOHOMII JHMCKOBOTO MPOCTOPY Ta ONTHUMI3alii MPOIYCKHOI 3JaTHOCTI KaHaly 3B'SI3Ky, JaHi
3aMMCYIOTHCS JIMIIE TpU 3MiHI 3HaueHHS napamerpa. Croyatky iX BiTHOBWJIM 3 HIOCEKYHHOIO
PIBHOMIPHOIO JTMCKPETH3AINEIO 1O oci vacy. Jlami ycepenHuan moXBWIMHHO. JlaH1 3armuc SKUX He
31IHCHIOBABCS B 33/1aHi YaCOBI MPOMIKKH — BIJIYYMIIU 3 aTaceTy (Hampukiam, "ActualSpeed L" Ta
"ActualSpeed_R").

HactynmHuM KpOKOM - BUIAQJUIMIM CHOHTaHHI BUKHMIU JUIS MOKPAIICHHS SIKOCTI HaBYAHHS
[ITHM, OCKiJIbKH MiCIIA yCepeaHEHHS BUKUAM BCE III¢ 3AJIUIIUINCS B CUTHaiIax. Meroa, skuil 0yio
BUKOPUCTAHO JUIA BUSBJICHHS Ta BUAAJICHHS BHUKHUAIB, 0a3yBaBCS Ha JAUCHEPCIHHOMY aHai3l.
[ToGynyBanu A KOXKHOTO CHUTHally TICTOrpamy poO3NOAUTY Ta BTPAYCHUMM JAQHUMH BBa)KaJlU
CIIOHTaHHI BUKUIM, CUTMa SKHUX IepeBunryBana 1,5. SIKIio 3HaueHHs OIyMy IHEBHOTO Iapamerpa
HEPEBUILYBAJIO MOPII CUIMH, HOr0 3aMIHIOBAJIM KOB3HHMM CEpeAHIM 3HAa4eHHsAM 1o 12 Toukax
(onTHManbpHE 3HAYECHHS BHOPAIM €KCIIEPUMEHTAIBHO). TakoK po3paxyBajy CepeHE KBaJpaTHIHE
BIIXWJICHHS, JUCIEPCi0, MiHIMAJIbHE Ta MaKCHMaJIbHE 3HAYCHHS, PO3Max, JIiHIMHE BIIXWJICHHS Ta
Cepe/HE KBaAPATHYHE BiIXHICHHS.

Jani npoBenu aHaii3 JaHUX IIIIXOM OOYMCIIEHHS HACTYIMHUX IMapaMeTpiB JUIS KOXHOTO
CETrMEHTa:

® CErMeHT - HOMep 3a3HauYeHOro CETMEHTa;

® TPUBAIICTb - cepenns TpubanicTs npucyrHocti KPII y neBHOMY cermenTi;

® KUIBKICTh BHOIPOK - CepeaHs KUTbKICTh BHOIPOK /ISl TAHOTO CErMEHTa;

e JenbTa MiPaxyHKY HANpyrd - MaTeMaTH4YHE CIIOAIBaHHA MaJiHHA Hampyru Oarapei micis

OJTHOTO TIPOXOJIKEHHS JAHOTO CErMEHTa,

e Jicriepcis AeIbTU HANIPYTH - AUCHEePCis MaiHHS HAIPYTH aKyMYyJITopa MiCIs MPOXOKEHHS

IIEBHOI'O CETMEHTA;

e Maca - Maca, Ky KPII nepeBo3uth Ha 1aHOMY BIAPI3KY;
e Hampyra Ha MOYaTKy CeTMEHTa - yCepeJHEHa Hampyra aKyMmylisiTopa Ha IOYaTKy pyxXy Ha

JTAHOMY CETMEHTI.

ITig yac aHamizy BUSBWIN 25 yHIKaJIbHUX CEIMEHTIB Ha OCHOBI SIKUX pO3paxyBaJld TaKi HOBI
apaMeTpH: CETMEHT, KIJIbKICTh BIJIIKIB, TPUBAIICTb, JIEJIbTAa HAIIPYT'H, Maca Ta IOYaTKOBA Hampyra
cermeHTa. OTpuMaHi mapameTpu Oyiau 3rpyHoBaHI 3a 3HaueHHsAM 'cermeHTta". [yl KOXKHOTO
CerMEHTa po3paxyBajM "KUIBKICTb BHOIpOK" - CEpeaHIO0 KUIBKICTh BHUMIPIOBaHb JJIsi BCIX
JOCIIJKYBaHUX NapameTpiB. Ockinabku yac, nposenenuit KPII y cermenti, Mmoxe OyTH pi3HUM, TO
TaK0X po3paxoByBajiH "TpuBainicTs" yacy npoxoaxeHHs: KPII uepe3 cerment. Ko KPII Bxoauna y
CerMEHT, Halpyra Ha eJeMeHTax OaTapei 3amucyBajacs $K IapameTp 'TOYaTKoBa Hampyra
cermenTa". Pi3HUIM M)XK 3HaUEHHSIMU HaIllpyr'y Ha eJlieMeHTax OaTapei Ha BXOJll 1 BUXO/Il 3 CETMEHTa
30epirasiacs B mapametpi "nenpra-Hanpyru". Ilapamerp "maca" BigoOpakaB Macy sIKy €peBO3UTh Ha
co61 KPII. Yci po3paxoBaHi mapaMmeTpy pO3AUIMIM HA CTaTW4YHI Ta JAuHaMIvHI. [0 cTaTnuHux
napaMeTpiB HaJie)Kall CErMEHT, KUIbKICTh CEIMEHTIB, TPUBAIICTh, JeNbTa HANpyrd Ta Maca.
JunamiuHuM napaMmeTpoM Oysia Harpyra Ha IO4aTKOBOMY CETMEHTI.

s wapuanas IIHM Bci nani okpiM "cerMeHT" HOpMalli3yBasld 3a JIOTIOMOTOI0 (DYHKIII1
Python MinMaxScaler() B niana3zoni Big 0 g0 1. J{is BUKOHaHHS KOPOTKO- Ta CEPEAHbOCTPOKOBUX
nporxHo3iB nodyaysaiu komiter IITHM npsimoro nommupenHs 6e3 3BOpOTHOTO 3B'SI3KY, B SIKiH CUTHAJ
nojlaBaBcs Ha BXIAHHMM map 3 12 HelipoHaMu, IPUXOBAHHUM IIap 3 Pi3HOIO KUIBKICTIO HEHPOHIB B
3aJIeKHOCTI BiJ] TMapameTpa Ta BUXIIHUN Imap 3 oJHUM HelpoHOM. KunbkicTh HEHpOHIB Ha
MPUXOBAaHOMY IIapi BHOMpanacs eKClnepuMaHTalbHO B Aiama3oHi Bifg 2 go 11. Yucno IIHM B
KOMITETI JOPIBHIOE KUIBKOCTI pO3paxOBaHMUX 3a JOMOMOTOI0 JaTa-MaiHIHTY mapaMeTpiB (5- SKIIOo
KPII He mepeBo3uB Ha coOi BaHTaxy, Ta 6 — 3 BaHTaxeMm). OO’ennanns IIIHM B komiter
3ailicHIoBanu 3a gonomororo tf.keras.layers.concatenate.
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Kowmiter [ITHM HaBuaBcst 3a JOMOMOTOI0 METOJY 3BOPOTHOTO TMOIIMPEHHS 3 TPai€HTHUM
CIIyCKOM SIKHUH € J0BoJIi yaco3arpatHuM. Hapuanus 3aiticHroBanu Ha ITK: 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 omnpambBOHMX 3a JOMOMOTOI 3alpOIIOHOBAHOTO METOAY JaHa-MalHIHTY
BUKOpUCTaNU il HaB4aHHs Ta TectyBanHa [IIHM. Ilepmi 5052 BubGipok Oynu BHKOpHCTaHi JUis
HaBUYaHHS MOJIeNi, a pemrta 152 - 1 OiHKKA TOYHOCTI mependadeHHs mooynoBaHoi moxaeni. s
HaBuanHs [ITHM Oyno Bukopucrano Keras - 6i61i0TeKy HEHPOHHUX MEPEX 3 BIIKPUTUM BUX1THUM
KOJIOM, 1110 mparroe Ha Ten-sorFlow. [ BXigHoro ta BUXiAHOIO mapiB 0yI0 BAKOPHUCTAHO JTiHIHHY
¢dyHkUito axkTHBamii, a anud npuxoBaHoro mapy - ¢yskmiro ReLU. Anroputm adam
BUKOPHUCTOBYBABCSI SIK ONITHMI3aTOP 3 CEPEIHBOI0 a0COMIOTHOIO BifcoTKOBOKO noxubkow (MAPE) B
sikocTi mipu. st onikm mMoneni Oyno BukopuctaHo ¢yHKmito "evaluate". Komiter HelipoMepex
HaBYaJIM Ta TECTYBAIM B JABOX pexkuMmaxk TW1 — 3 nmepeHaBuaHHAM Ha KO>KHOMY Kpoili ta TW2 —
MPOTHO3YBAaHHSM METOJIOM «9aCOBUX BIKOH» (IIMpHHA BikHA 12).

UYac naByanns komitery [IIHM tpusas Bix 0,4 xB 10 1,96 xB. [lIBHAKICTH 00UKCICHD MOKHA
MiJBUIINTHA, BUKOPHUCTOBYIOUM TaKi METOJM, SK MiHI-IIAKETYBAaHHS Ta OJIHOYACHE OOYMCIICHHS
rpajgieHTa Ha JEKUIbKOX HaBYaJbHUX MPUKIAAAX, a TaKOoXK Ha JEKUIbKOX MEepPCOHATbHUX
KOMIT TOTepax o0eHaHuX B kiactep. Ha Puc.3. mepencrasieHuil pe3ybTaT IPOTHO3Y 3AIUIITKOBOTO
3apsAy aKyMyJasTopHoi OaTapei kepoBaHOi POOOTOTEXHIYHOI MIAaTGOPMH Micis MOCTiAOBHOTO

MPOXO/KEeHHS 21 cerMeHTy.
Start segment voltage
42500

42490
42480
42470
42460

42450

Mesuared data test
42440  —— predicted TW1
—— Predicted TW2

Start segment voltage value

42430 pmmm Statistical voltage

N 40 MO WWWMNOWSTOONMHALL WL AN O
- N M AT A NMNMO A MM AN MO ST NNS
O 0O 0O 000000000000 O0OO0OOOoO OO

Puc.3. Pe3ynbTaT nporuo3y 3ajuIIKOBOrO 3apsay aKyMyJISITOPHOiI 6aTtapei kepoBaHOL
POOOTOTEXHIUHOI TIATHOPMH MICIIS MTOCTIOBHOTO MPOXOHKEHHS 21 cermMeHTy

TouHICT TPOrHO3y OLIHIOBAIM 3a Aonomoror noxubok MAPE (cepenHito aOcontoTHY
noxuOKy BHUpaXeHy Y Bimcotkax) Ta RMS (cepenHto kBagpatuyHy mnoxuOky). [loxuOku
po3paxoByBanu mis komitery IIIHM siki mpamroBaiin B pexkumax TW1 ta TW2, a Takox stat
(CcTaTUCTUYHO  PO3paxOBaHMUX CEpeAHIX 3HAYeHb B  KOXHOMY cerMmeHTi). PesymbTatn
JIOBIOCTPOKOBOTO NMPOTHO3Y /Ui 21 cerMeHTy npejcTaBiieHl 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. ToyHicTh JOBroTEpMaHOBOIO IPOTHO3Y 3apsly akymynsaTopHoi 6aTapei KPII
Formica 1 nyist 21 cermenty

Po3pobrnennii Meron naTa-MalHIHTY y HEMpOMEpPEKEBOMY MPOTHO3YBaHHI 3aTHIIKOBOTO
3apsany akymynsitopHoi Oarapei KPII Formica 1 mokaszaB edeKTHBHICTH 1 aJisi 1HIIOI KUIBKOCTI
cerMeHTiB. KOpOTKOCTPOKOBMM MPOTHO30M BBaXKaJId MPOTHO3 JIJIsl KUTBKOCTI CErMEHTIB Bix 1 110 7,
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cepennpoTepMiHoBUM Big 8 10 14. KopoTKOCTpOKOBHI TPOTHO3 I CEMH CETMEHTIB 1
CEePEIHBOCTPOKOBUN MPOTHO3 i JeB'siTh cerMeHTiB craHoBuB 0,09% 1 0,18% BigmoBigHO, a
HaiioBIIMi yac HaBuaHHSA - 1,96 xB. TakuM YMHOM BIJTHOCHO MOIEPIHIX HEHUPOMEPEKEBHX
IPOTHO3iB 6€3 po3p0OICHOro METOIi JaTa-MaiHiHTy [6, 7, 8] TouHiCTh MPOrHO3iB 3pocia 10 4 pasis.

BUCHOBKHU
Y po0oTi mpencTaBIeHO pPO3pPOOJICHUH METOJ| JaTa-MalHIHTY Yy HEWpPOMEpeKeBOMY
MPOTHO3YBaHHI 3aJIMIIKOBOTO 3apsay akymyssitopHoi 6arapei KPII. OcCHOBHHMHU KpOKaMH SIKOTO €:
MIOTIEPETHE OTPALFOBAHHS JaHWX; YCYHEHHS BTPAYCHHUX JaHUX; BIIHOBJICHHS CHIOHTAHHUX BUKHU/IIB;
PO3paxyHOK JOAATKOBUX MApIMETPIBIUIA KOXKHOTO CETMEHTY IUIIXy. MeToa MpoTecTOBaHO Ha
nataceri KPIT Formica 1. [TpoBeneHi ekcriepuMEeHTH MOKa3ylOTh 3pOCTaHHS TOYHOCTI MPOTHO31B 10
5 pas3iB, 10 MIATBEPIKYE BUCOKY €PEKTUBHICTh Ta TOUYHICTH IIbOT'O METO/LY.
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VJIK 004.89

Cmiocap B.1. (l{enmpanvruii naykogo-0ocaionuil incmumym 030pocHus ma 8iticbkoeoi mexuixu 3C
Vrpainu), Cmocaps LI (Tlonmascokuil Oepoicasnuil acpapnuil ynisepcumem, Ykpaina)

KITACU®DIKALIA 3MMOBOTI'O TA JIITHBOT'O CE30HIB 3 BOPTA BIUIA

Anomauin: Cesonni 3minu 8 cepedosuwyi ma ranowagmi eumazaroms 6io cucmem Object Detection eucoxoeo
pisHs eHyukocmi ma aoanmugnocmi. Hetipomepeoici, saxi ne 8paxogyoms yi 3MIiHU, MOICYMb MAMU 3HUNCEHY MOYHICIMb
ma eghekmueHicmv y pisHUX Ce30HHUX yMosax. Tomy 6KnoueHHs Ce30HHUX Gapiayill y MpeHYSalibHl ma mecmy6anibHi
HaboOpu OAHUX € KPUMUYHO 8AXCIUGUM OJisL pO3poOKuU HaOiunux ma epekmuenux cucmem Object Detection. B pobomi
3anponoHOBaHO NIOXI0 ONsl 8PAXYBAHHI CE30HHO-CReyudiunux ymos eusasienus 06’ckmie 3 6opma BIIJIA na ocuosi
320pmK060i  HelpouHOi Mmepedici  Kracugixayii  300padcenv. Poboma makoi Hetipomepedci mae nepedysamu
sacmocysannto Heupomepedxci YOLO, 6 sKill GIONOBIOHO 3MIHIOIMbCA CE30HHO-3ANEICHE 6A206l KoeiyicHmu.
Cneyiansno cgpopmosanuii damacem 003601U8 KAACU@IKysamu 3umosi ma aimui cyenu 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.

BaxnmuBuMm acriekToM IpH peanizaiii Helipomepex BusBicHHs 00'ektiB (Object Detection [1,
2]) € BpaxyBaHHs MOpH poKy. Ce30HHI 3MIHU MOXYTh PAJAMKAIBHO 3MIHIOBAaTH 30BHIIIHIA BUIJIS
nanamadTiB Ta cepenoBull. Hampukian, B3MMKY CHIromax MOXe HNOKpUBAaTH Ta JeGOpMyBaTH
Bi3yasbHI 03HAKHU, 32 AKUMHU anropuT™ Heiipomepexki YOLO posmnizHae o6'ektu (puc. 1), B Toit uac
SIK BOCCHH JIUCTSI MOXE 3a0apBIIIOBATUCS Ta OIAJIaTH, 3MIHIOIOUW 30BHINIHIN BUTIIS JCPEB Ta 1HIIOT
POCIMHHOCTI K (OHY Uil Bi3yanbHUX CcIeH. Ce30HHICTh CYTTEBO BIUIMBA€ Ha Bi3yallbHI
XapaKTEpUCTUKU 00'€KTIB 1 BHOCUTD Bapiallii, IKi MOXYTb 3aIllIyTaTH HEHPOMEPEXKI, SKIIO BOHU HE
Oynu HaJeKHUM YMHOM TpeHoBaHi. Hanpuknaz, BitoOpakeHHs CHITY Ha BYJIMISX MOKE€ BIUIMHYTH
Ha PO3Mi3HABaHHS HA HUX MalllMH, JOPOXHIX 3HaKiB a00 1HIMX 00'ekTiB. C€30HHI 3MIHU HEMUHYYE
BIUIMBAIOTh Ha KOJbOPU Ta TEKCTYPU Y HABKOJMUIIHBOMY CEpEJOBHUIL, L0 3HMXKYE 3JIaTHICTbH
AITOPUTMIB BUSBIIEHHS 00'€KTIB BIJIPI3HATH 00'€KTH BiJ QOHY.

OTtxe, 111 epeKTUBHOI pOOOTH HEUPOMEPEXKI B PI3HUX CE30HHUX YMOBAX, BAXKJIMBO BKJIIOYATU
nuBepcu(ikoBaHi HAOOPH JTaHUX, K1 BpaXOBYIOTh CE30HHI Bapiallii y Bi3yaJbHUX XapaKTEpUCTHKAX
00'eKTIB Ta CEpEOBHILI.

MerToro poO0TH € BpaxyBaHHS C€30HHOI creludiky Ipu BusBiIeHH] 00’ ekTiB 3 OopTta BIIJIA Ha
OCHOBI IIOIIEPEIHBOI KJIacu]ikallii Ce30HHUX 3MiH 3a JI0IIOMOT0I0 HEHPOHHUX MEpEeXk 3arOpTKOBOTO
tumy [3].

[TuTtanHs mpo Te, Yu Kpalle MaTu OKpeMi JJaTaceTH JJIs 3MMHU Ta JIiTa, a00 O/1MH €IMHUH AaTacerT,
10 BKJIFOYAE CIIEHU 000X CE30HIB, 3AJICKUTH Bl KOHKPETHHX I[JIEH Ta 0OMEKEHb TOTO UM 1HIIOTO
OpoekTy 3 BUsBIEHHS 00'exTiB. B konTekcti BIIJIA BiamoBigHI MipKyBaHHS OOMEXYIOThCS
HEOOXITHICTIO 3/ICMIEBJICHHS Ta CHPOIICHHS €JIEKTPOHHOTO CErMEeHTy OOpTOBOro oOjagHaHHS. 3
ypaxyBaHHSM OPCTKUX BHMOT J0 BapTOCTi, rabapuTiB Ta €JIEKTPOCIIOKUBAHHS 0OUYMCIIOBATBHUX
3ac001B OKpeMi JAaTaceTu JUIsl 3MMHU Ta JIiTa 103BOJISIIOTH OUIBII TOYHO HalAIITyBaTH HEHpOMepexy
Ha crienudivyHi yMOBH KOKHOTO ce30Hy. Lle Moke OyTH KOPUCHO B MEPiojl MI>KCE30HHUX KOJIMBaHb
MOTOJIHUX YMOB a00 IpH BUPIIIEHH] 3aBAaHb 3 BEJIMKOIO TaJbHICTIO MOIbOTY, Koy MapuipyT bITJIA
NEepeTHHAE KUTbKa PI3HUX KIIMAaTHYHO-TeorpadiyHUX 30H.

OxpeMi garaceT Al PI3HUX CE30HIB MOXXYTh JO3BOJMTH €(EeKTHUBHIIIE BUKOPHUCTOBYBATH
JIOCTYITHI PECYPCH, 30CEPEIKYIOUMCh Ha HAWOLIBIN PEIEBAaHTHUX CIIEHAX 32 YMOBU OOMEKEHUX
pecypciB sl TpEHYBaHHS.
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Puc. 1. Cuir Ha HOBepxHi IPYHTY

s toro, mo0 Helipomepexi Object Detection Mornu HafiiiHO MpaloBaTH B yCiX CE30HaX,
HEOOX1THO 3pOOUTH TaK, 0O BOHU MOTJIU AN TyBaTUC 10 WX 3MiH. CTBOPEHHS CE30HHOTO HAOOpy
JaHUX € OJHHMM 13 KJIFOUOBUX €TamiB y mijBUIleHH] edekTuBHOCTI cucteM Object Detection. Lleit
npoIiec BKITIOYA€E KiJbKa KPOKiB.

1) Po3pobka MeTozosorii 300py Ta aHOTaIii CE30HHHUX 300pa)KCHb Ui CTBOPCHHS
npeJCcTaBHUIIBKOTO Habopy nanux. [lepen mouarkom 300py naHUX HEOOX1THO BU3HAUNTH, SIKi CE30HH
1 IOT0JIH1 YMOBH IPEACTABIATUMYTh HAHOUIBIINN IHTEPEC IS TOAAIBIIOT0 aHANI3Y 1 BAKOPHCTAHHS.
Hanpuknan, ans arpapHoOro CeKTopy BaXIMBHUMH OyIyTh 300paKe€HHsI MOCIBIB y pi3HI mepioau ix
poCTy Ta 300py BpOXkaro, B TOM Yac K JJIs MICBKOT 1H(PACTPYKTYpH MOXKe OyTH KOPUCHUM aHaJi3
CTaHy JOpir y 3UMOBHi niepioa. 30ip 300pakeHb MOXe BiAOyBaTHCs dyepe3 pi3sHOMaHITHI JuKepena:
CYIyTHUKOBI 3HIMKH, aepo(OTO3HIMAHHS, 3HIMKU 3 OECHUIOTHUX JIITAIbHUX anapaTiB abo Ha3eMHi
dororpadii. dns 3abe3neueHHs] pi3HOMaHITHOCTI HaOOpy IaHWX, 300pa)KCHHS MOBHHHI OYyTH
OTpUMaHI B pI3HI YacoBl MEpioAM 1 3a pI3HUX MOroAHux ymoB. Koxne 3i0paHe 300pa)KeHHs
HEOOXiJTHO aHOTYBaTH, IO BKJIOYAE B cede BIAMITKY 00'€KTiB, sKi MOBMHHI OyTH pO3Mi3HaHI
cucremoro Object Detection. AmnoTamiss Moxe OyTH pydHOrO a0 HamiBaBTOMATUYHOI 3
BUKOPHUCTAHHSM ITONIEPETHHLO HABUCHUX MOJCIICH IS IMiIBHIEHHS ¢eKTUBHOCTI mporiecy. [licis
aHOTAllll IPOBOIUTHCA MEpeBipKa HA MOMMIKHM 1 HETOYHOCTI. Llelf Kpok BaJIMBUIl, OCKUIBKU BiJl
SIKOCTI aHOTaIlli 0e3MmocepeIHhO 3AICKHUTh SKICTh HAaBYAHHS HEUPOHHOT Mepexi. [ migBUIIeHHS
y3arajbHIOI0UO0i CIIPOMOYKHOCTI MOZEeH po3Mi3HaBaHHSA O0'€KTIB BUKOPHCTOBYIOTH PO3LIMPEHHS
JTAHUX.

2) BukopucTaHHS pPO3LIMPEHHX TEXHIK IMepenoOpoOKH Ta ayrMeHTalil 300pakeHb IS
MIJBUIIEHHS iX PI3HOMAHITHOCTI Ta sKkocTi. lle Moxke BKItOUaTH 3MiHY MacmTady 300pakeHb,
oOepTaHHs, 3MIHM OCBITJICHHS Ta KOJIIPHOI I'aMu, 110 JOMOMAarae Mojeli Kpaile aJanTyBaTHCS JI0
pI3HOMaHITHUX yMOB. [[7s1 po3mmpeHHs AaTaceTy Ta Woro 30ajmaHCyBaHHS IO KJacax JOIUIBHO
BHUKOPHUCTOBYBAaTH He#pomepeki reHeparii 300paxens tuny DALL-E3, Midjourney, Stable
Diffusion XL tomo. ITepen BukopucTaHHAM HAaOOpY JaHUX y HaBYAHHI MOJICIICH BUKOHYETHCS HOTO
Baifaiis. Bona Moxe BKIIIOUATH aHaIi3 PO3IMOILTY KJIAciB, MEPEBIpKy Ha 30aJlaHCOBAHICTh JaHUX Ta
BUSIBIICHHS MOXKJIMBHX BUKHJIIB.

Ha ocHoBI mpoBeeHUX TOCTIKEHh B POOOTI BU3HAYEHO CTPYKTYPY CE30HHO-CHEIU(ITHOTO
CerMeHTy 0araTopiBHEBOI apXiTEKTypH HEHPOHHOI Mepexi kiacudikaiii 300pakeHb MICIIEBOCTI.
Bona mictuths nBa 6moku. [lepmunii 610k MpoBOIUTH KiIacuQikallilo Ce30HY, MPEACTAaBICHOMY Ha
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300pakeHHI1. B 3a5meHOCTI1 Big pe3ynbTary Kiaacugikaiii, y Ipyromy 01011l aKTHBY€EThCS B1IITOBITHA
JI0 C€30HY MOJIeTIb HEMPOHHOI Mepeski a00 3aBaHTaXY€EThCS crielnpIuHU I Hel MacuB BaroBUX
KoeiIIEHTIB 32 OCHOBHUM 3aBJIaHHSIM, HaPUKJIa]1, peatisaiis aprominory, Object Detection, Object
Tracking Ta in. Takuii miaXiJ 103BOJISIE 3HU3UTH BUMOTH 10 OOUHCITIOBAILHUX MOTYXHOCTeH Edge
Computing, 36epiratoun nmpoaykTuBHicTh poekTiB Edge Computing + AI Computer Vision. [Ipu
bOMY, He0OX1AHO BUOpATH apXiTEKTypy CEIEKTUBHOI HEMpOMepeKi AJIs peanizallii mepioro 0JIoKy.
dopmyBaHHA JaTaceTy JAJs HABYaHHS HelipoMepeki Kinacugikanii ce30HiB 3/11HCHIOBAIOCH Ha
OCHOBI TMepcoHabHOTO (HOTOapXiBy, OTPUMAHOIO IIiJi Yac TMOJIbOTIB aBiapeiicaMu pi3HUX
€BPOTMENUCHKUX MapuIpyTiB. JlaTaceT MiCTUTh 300paykeHHsI IBOX KJIAaCiB: MOBEPXHS 3€MIIi 31 CHITOM
(xmac SNOW) — 154 mit. ta 6€3 Hporo (ki1ac NOT_SNOW) — 196 1. 300paxeHHs poOMIUCh 3 00pTy
NacaXUPCHKUX JITAKIB IEPEBAXKHO HA €Tamax 3JeTy Ta 3aX0/y Ha MOCa/IKy Ha BHCOTax 110 S5 kM. [Ipu
bOMY Ha BIAMOBIJHUX CII€HaX MpPECTaBJICHI JICHA Ta rOPUCTa MICLIEBICTb, MIChKi 3a0y/l0BH,
CUIbCHKOTOCTIOAAPCHKI YTi/s, 00’ €KTH POMHCIOBOI Ta TPAHCIIOPTHOI iH(YPACTPYKTYpH, PIUKH Ta
o3epa. Bechb cykymHumii gatacet 0yB posaiienuii y npornopiii 70 % — Ha HaBuabHY BUOiIpKY (pHC. 2)
ta 30 % — na nepeBipouny (SNOW — 47 mrr. i NOT_SNOW — 59 mit.). TectoBa BuGipka mictuia 27
300pakeHb, [0 HE MEPETHHAINCS 3 HABYAIBHOIO Ta IIEPEBIPOYHOI0 BUOIPKAMH.

Puc. 2. CtpykTypa HaB4a/bHOT BUOIpKHM JaTaceTy

s xnacugikarii 300pakeHb Ha OCHOBI CPOPMOBAHOTO JaTaceTy Oysio 0OpaHO apXiTeKTypy
3 BUKOPUCTaHHIM HeliponHoi Mepeski MobileNetV2 [4], monepeanso HaBueHoi Ha gataceTi ImageNet
[5 - 7]. B po60Ti po3ramaeThes apXiTeKTypa, o HaBeieHa Ha puc. 3. BoHa Mictuth ~ 2,4x10°
napameTpiB (puc. 4).

®dparmeHT 11adboHy Koy Ha MoBi Python, 1o onucye 3a3HaueHy apxiTeKTypy, Ma€e BUTIIS:

from tensorflow.keras.layers import Input

from tensorflow.keras.layers import BatchNormalization

from tensorflow.keras.applications.mobilenet v2 import MobileNetV2
from tensorflow.keras.layers import Dense

from tensorflow.keras.models import Model

input_l = 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 16 = MobileNetV2 (include_ top=False, weights='imagenet', pooling='avg', classes=1000,
classifier activation='softmax', alpha=1.0)
for layer in x l6.layers:
layer.trainable = False
x 16 = x_16(x_3)
Jnst manoi Mojenmi BUKOHYBajgach MIATOTOBKA 300pa)X€Hb JaTaceTy HUISXOM 3MIHU iX
po3mipiB 10 BenmuunHu 240x180 mikcenmiB, a TakoX omTHMIi3alis rinepmaparMepi. Crodatky OyB

BuOpanuii po3mip 6aruy 32 i1 kpok HaByaHHsa 0,001. OnHak mpy BKa3aHUX 3HAYEHHSX MapaMeTpiB
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HaBUaHHS CIIOCTEpiraBcsi Tak 3BaHWUW edekrt mepeHaBuyanHs micas 40 emox. Tomy ans gaHoi
KOMOIHAIIIT HAJTAITYBaHb MIPOIIECY HABYAHHS JIOBEIOCh OOMEKHUTUCH CaMe TaKOI0 KiJIbKICTIO €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 HelipoHHOi Mepeski Ha ocHOBI MobileNetV2.

Model: "model 1"
Layer (type) output Shape Param #
1 [ (None, 180, 240, 3)] 0
Bat rmalization 3 (Batch (None, 180, 240, 3)
Normalization)
mobilenetvZ 1.00 224 (Funct (None, 1280) 2257984
ional)
MobileNetVz 16 [Activaticn) (None, 1280) 0
Dense & (Dense) (None, 120) LEIT20
Dense 6 (Dense) (None, 80) 9680
2 {(Dense) (None, 2) Le2
Total params: 2,421,558
Trainakle params: 2,387,440
Non-trainable params: 34,118

Puc. 4. Xapakrepucruka Mojeni Helipomepexi Ha ocHoBi MobileNetV2

B pe3ynbraTi HaB4aHHs Oyno 3a(hiKCOBAHO TOYHICTh KJIACH(IKaILil JITHHOTO Ta 3UMOBOIO
CE30HIB Ha HaByalbHIN BUOipui 99,3 %, a Ha mepeBipouHiii — 89,2 % (puc. 5). I'padix momuiiku
HaBYaHHS HaBeJeHMH Ha puc. 6 (Kpauwii pesynabTar Ha HauanbHid BuOipui — 0,0115, Ha
nepeBipouniii — 0,55). ®parmeHT Bi3yamizaiii pe3yabTaTiB Kiaacu(ikallii mo TecToBi BUOIPII
HaBEJICHUH Ha puc. 7.

Hactynuum eranom Oyna 3MiHa po3Mmipy 6arda 0 8 Ta KpOKY HaBYaHHS — JO BEITUYUHHU
0,0001. 3menmenHs 6at4y 103BOJMIIO 3HU3UTH HaBaHTAXXKEHHS Ha amapaTHUN cerMeHT (puc. §) Ta
oTpuMatu epeKTHBHICTh 3a mokasHukoM TouHocTi Balanced Recall na piBui 100 % a5 HaBuaibHOT
1 93,2 % - Ha mepeBipouHiii BuOipkax (puc. 9). Ilomunka HaBYaHHS Ha NEepeBIpOYHIA BHOOPII
cranoBuia 0,0227 (puc. 10).
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Puc.6. ITomunka HaBuaHHS

Kinbkictb
enox

KinbKictb
enox

Buxiani sani | C snauenns | CTaTHcTHKA npukaanis, %
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 1.6 984
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Puc. 7. ®parmenT Bizyanizaiii pe3yabTaTiB Kiacuikarii
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. HaBanraxxenns Ha obumciroBanbhe cepenopuiie Google Colab mpu po3mipi 6atay

8.
Balanced
Recall
100 @
Has4yanbHa BubipKa i ——
- /—/—"/_
. /J\JJ
// MNepesipoyHa BubipKa
{ ’_///
/
/

KinbKictb
P < 2 = enox

Puc. 9. EdextuBHicTh Helipomepexi Ha ocHoBi MobileNetV2 (6atu 8).

MNomunka
HaBYaHHA

0.6

MNepesipoyHa BMbipKa
= \\
0 \
=
i et
0.7 HasuanbHa BMbipKa
O - .
KinbKictb
= 50 20 enox

Puc. 10. [Tomunka HaBuaHHs ripu Oatyi 8.
Martpuiis noMuinok HaBeneHa Ha puc. 11. [Ipuknaa po6otu mepexi HaBeaeHO Ha puc. 12.

Bpaxosyroui noseainky Balanced Recall, MmosxinBo 3011bIIUTH KITBKICTh €MIOX HABYAHHS 3 METOO
HiBUIEHHS TouHOCTI Kiacudikamii. [Tomamemn mocmimkeHHs mo3Bonwin orpumaru Balanced
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Recall = 96,2 % npwu kinbpkocTi emox 75 (puc. 13), moMuiIka HaBYaHHS Ha MEPEBIpOYHii BHOOPII
cranoBuia 0,1 (puc. 14).

52 7

NOT_SNOW | gg 1oz 11.9%

x
T
H
Q
-
]
k4
n
v
k4
7]

15

=

p. 45
4.3% 95.7%

NOT_SNOW SNOW
MNporxos

Puc. 11. Matpuiisi noMHII0K

NOT_SNOW

NOT_SNOW

NOT_SNOW

Puc. 12. Tlpuknan pobotu Mepexi
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Balanced

Recall
100 @
* m
I v
HaBuanbHa BUbipKa
B8O
ol . .
P— MepesipoyHa Bubipka
il
( J/./ °
KinbKictb
‘ » - enox
Puc. 13. TouHicTh HelipoMmepexki kiacudikamii mpu 75 ernoxax HaBYaHHS.
Nomwunka
HaB4YaHHA

/ _ MepeBipoyHa BMbipKa

HaBuanbHa BubipKa
/ Y\\
- . .
KinbKictb

20 40 =4 enox

Puc.14. [Tomuiika HaBYUaHHA

[IpoBeneHi OCIiIKEHHS CBiUaTh PO MOXIUBICTh BiKopucTanHs MobileNetV2 sk ocHoBu
JUIsL CTBOPEHHS C€30HHO-CIENU(IYHOr0 CerMEHTY 0aratopiBHEBOi apXiTEKTypH HEHPOHHOI Mepexi
kiacugikanii 300pakeHb MiCLIEBOCTI.

BuOip Mix OKpeMHMH CE30HHHUMH JaTaceTaMu Ta €MHHMM J1aTaceToM, IO BKJIKOYAE 0OM]IBa
CE30HHU, 3aJEeKUTh BIJ cHenudiku 3agadli Ta JOCTYNHUX pecypciB. SKumo cucrema mae OyTu
e(DEeKTUBHOIO B PI3HUX CE30HHUX YMOBAaxX Ta MAa€ MOXJIHMBICTh OOpOOJIATH BEIHMKI 00'€MH JTaHUX,
€IMHUI AaTaceT 3 pi3HOMaHITHUMH CLIeHaMH Moxe OyTH KpaiuM BapianToM. ITpoTe, sxio norpiOHa
BHCOKa CIiemiaizaiis abo oOMeXeHi pecypcH, OKpeMi JaTaCeTH MOXYTh OyTH OLTbII TOIITFHUMHU.
[Topanpmm AOCHIHKEHHS JOLIJIBHO IPOBECTH JJS IHIIMX IONEpPEeIHbOHABYCHUX aPXITEKTYp
Herpomepek, 30kpeMa Xception [7, 8], Inception [9] Ta iH.

141



CIIMCOK ITOCHJIAHDb

1. Vadym Slyusar, Mykhailo Protsenko, Anton Chernukha, Pavlo Kovalov, Pavlo Borodych, Serhii
Shevchenko, Oleksandr Chernikov, Serhii Vazhynskyi, Oleg Bogatov, Kirill Khrustalev. Improvement of the
object recognition model on aerophotos using deep conventional neural network.// Eastern-European Journal
of Enterprise Technologies. - 2021, Vol. 5, No. 2 (113). Pp. 6 — 21. DOI: 10.15587/1729-4061.2021.243094.

2. Vadym Slyusar, Mykhailo Protsenko, Anton Chernukha, Vasyl Melkin, Oleh Biloborodov, Mykola
Samoilenko, Olena Kravchenko, Galina Kalinichenko, Anton Rohovyi, Mykhaylo Soloshchuk. Improvement of
the model for detecting objects on aerial photos and video in unmanned aerial systems.// Eastern-European
Journal of Enterprise Technologies. - Vol. 1, No. 9(115). — 2022.- Pp.24 - 34.DOI: 10.15587/1729-
4061.2022.252876.

3. Vadym Slyusar, Mykhailo Protsenko, Anton Chernukha, Stella Gornostal, Sergey Rudakov, Serhii
Shevchenko, Oleksandr Chernikov, Nadiia Kolpachenko, Volodymyr Timofeyev, Roman Artiukh. Construction
of an advanced method for recognizing monitored objects by a convolutional neural network using a discrete
wavelet transform. // Eastern-European Journal of Enterprise Technologies, Vol. 4 No. 9(112) (2021):
Information and controlling system, Pp. 65 - 77. DOI: 10.15587/1729-4061.2021.238601.

4. Tsang S. Review: MobileNetv2 — Light Weight Model (Image Classification). URL:
https://towardsdatascience.com/review-mobilenetv2-light-weight-model-image-classification-8febb490e61c.
(0ama 3eeprenns: 27.10.2023).

5. ImageNet. URL: https://www.image-net.org. (0ama 3eepnenns: 27.10.2023).

6. Cniocap B.I. Apximexmypho-mamemamuyri OCHO8U YOOCKOHALCHHSA HEUPOHHUX Mepedc 3 Klacugikayii
s06pasicens. Llmyunuii inmenexm, 2022, Ne 1. C. 127-138. DOI: 10.15407/jai2022.01.127.

7. Xception. URL: https://stephan-osterburg.gitbook.io/coding/coding/ml-dl/tensorfow/ch3-xception. (0ama
38eprenns: 27.10.2023).

8. Inception. URL: https://en.wikipedia.org/wiki/Inception. (0ama 3eeprenns: 27.10.2023).

142


http://www.image-net.org/

Hayxose suoanms

HEUPOMEPEXHI TEXHOJIOI'TI
TA IX BACTOCYBAHHSI
HMTi3-2023

30ipHUK HAYKOBHMX NPAlb

3a3arajgbHOI0 PEAaKIII€l0
I-pa TexH. Hayk, ipod. C. B. KoBaneBcbkoro 1
Hon.D.Sc., prof. Predrag Dasi¢

32/2016  dopwmar 60 x 84/16.  Ywm. apyk. apk. 16,1
O65.-Bun. apk. 17,2. Tupax 100 npum. 3am. Ne 26

Bupgasens 1 BUTOTIBHUK
Jlon6ackka iepkaBHa MalIMHOOY/IBHA aKaieMist
84313, m. KpamaTopchk, Byn. Akajemiuna, 72.
CBigonTBO Cy0’€KTa BUAABHUYOI CITPaBU
JK Ne 1633 Bix 24.12.2003

143



