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APPLICATION OF INFORMATION-ANALYTICAL SYSTEMS
AND AI FOR AVIATION EQUIPMENT LIFECYCLE MANAGEMENT

This article examines approaches to the application of information-analytical systems and artificial
intelligence technologies aimed at enhancing the efficiency of aviation equipment lifecycle management. The
authors emphasize that the modern aviation industry faces the challenge of the exponential growth of data
volumes generated at all stages of the lifecycle, from design to operation. Traditional analysis systems are
deemed insufficient for making effective operational and strategic decisions, necessitating the implementation
of an integrated management support environment.

The relevance of the study is substantiated by the need to develop comprehensive approaches capable
of integrating modern IAS and Al into a unified architecture for aviation equipment LC management. The
conducted analysis of recent research confirms that the integration of Al-analytics, big data, loT-sensorics, and
the digital twin concept is a global trend. The authors state that there is a deficit of studies that comprehensively
examine the methods for integrating these technologies into the AE LC management system as a holistic
process. The goal of the study is to justify approaches to the application of IAS and Al technologies to increase
the efficiency of AE LC management.

Based on a systematic analysis, a comparison between the traditional time-based maintenance model and
the predictive maintenance model was performed. Methods of machine learning and deep learning were used to
substantiate the application of Al, and a structural diagram of the IAS was developed to demonstrate integration.

The direction of technical operation transformation the transition to condition-based maintenance is
substantiated in the work. It is proven that this transition is enabled by Al-analytics, which performs fault
prognosis and remaining useful life prediction. The authors have identified a typical IAS architecture that
integrates onboard data with ground systems. Based on this, a structural diagram for the integration of IAS
and Al modules was developed, where the results of prognostic analytics directly form maintenance plans and
support the making of engineering decisions.

The effectiveness of implementing Al models is established. Specifically, it is shown that the use of Al makes
it possible to reduce fuel consumption by 5-8%, decrease aircraft downtime by 15-20%, and lower the number
of unscheduled failures of critical components by 25-30%.

The results of the study provide a methodological basis for implementing intelligent decision support
systems in aviation enterprises. The digitalization of AE LC management ensures an increase in safety levels,
a reduction in operating costs, and a significant improvement in technical condition prognosis.

Key words: information-analytical systems, artificial intelligence, lifecycle management, aviation
equipment, predictive maintenance, remaining useful life, digital twin, big data.

Formulation of the problem. The modern
aviation industry is characterized by the rapid
growth of data volumes generated at all stages of the
aviation equipment (AE) lifecycle, from design and
manufacturing to operation, maintenance (MRO),
and disposal. Concurrently, there is a high level of
complexity combining the integration of digital
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systems with intelligent sensors and adaptive control
tools, as well as modern composite materials.

At the same time, the aviation industry faces the
necessity of ensuring the highest standards of flight
safety, economic efficiency, and environmental
sustainability. The systematic process of aviation
equipment lifecycle management (AE LCM) includes
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planning, creation, commissioning, ensuring technical
readiness, modernization, resource extension, and
disposal of aircraft and their components.

A large amount of data from various sources enters
these systems. Traditional information processing
systems are becoming insufficient for making
operational and strategic decisions.

The implementation of information-analytical
systems (IAS) and artificial intelligence (Al) methods
allows for the creation of an integrated environment
supporting management decisions throughout the
entire AE LCM. Al models provide deep processing
of large data arrays, fault prediction, maintenance
optimization, increased flight safety, and economic
efficiency of operations.

The integration of Al into AE LCM systems is
becoming a global trend. Flight data monitoring
platforms, predictive maintenance systems, aircraft
digital twins, machine learning systems, and big data
already allow for cost reduction by 10-30%, risk
mitigation, and improved reliability of aviation systems.

Analysis of recent research and publications.
Aviation equipment (AE) lifecycle management
(LCM) in modern conditions is marked by an active
transition from traditional approaches to digital
technologies. Studies show that classical approaches,
formed on the basis of regulatory documents
from ICAO, EASA, and FAA, define fundamental
requirements but do not fully account for the
capabilities of modern information-analytical systems
(IAS) and Al This drives increased attention toward
digital platforms and prognostic analytics methods as
the basis for a new paradigm in technical operation.

A crucial layer of research belongs to the
developments of acrospace companies, where digital
ecosystems such as Airbus Skywise and Boeing
Airplane Health Management demonstrate significant
potential in collecting large volumes of operational
data. Materials from Honeywell emphasize the
effectiveness of combining loT-sensorics and artificial
intelligence for operational diagnosis of aircraft
systems [1], confirming the global trend toward
shifting from reactive to predictive maintenance.

Work [2] details the application of deep learning,
particularly LSTM and CNN architectures, for
analyzing the C-MAPSS dataset and modeling aircraft
engine failures. Contemporary studies advance these
approaches, as authors in [3, 4] demonstrate the
effectiveness of deep learning algorithms for resource
estimation tasks. In work [5], the authors confirm
the ability of Al models to form a holistic concept
of prognostic analytics within the management of
aviation system LCs.

In scientific publications of recent years, interest
in the digital twin concept has significantly increased.
Digital twins allow the physical model of the aircraft to
be combined with a virtual one, ensuring a continuous
cycle of diagnosis and prediction. In the works authors
[6, 7, 8], the digital twin is viewed as a key technology
for optimizing maintenance, resource planning, and
reducing the number of unscheduled failures. Additional
studies, published in journals such as Sensors and
Engineering Applications of Aurtificial Intelligence,
demonstrate the successful integration of [oT platforms
with Al modules to create comprehensive decision
support systems in the aviation sector [9, 10, 11].

Work [12] examines mathematical modeling of
technical condition, optimization of maintenance
schedules, and the capabilities of neural networks for
fault prediction. Although existing research lays an
important methodological foundation, most studies focus
on specific aspects of technical operation or traditional
analysis methods. This necessitates comprehensive
approaches capable of integrating modern Al
technologies, digital twins, big data, and [oT systems into
a unified LC management architecture. The analysis of
sources confirms that global practice is moving toward
creating integrated information-analytical platforms
with powerful Al analytics, which ensure the transition
to prognostic maintenance, reduction of failures, and
optimization of costs throughout the entire lifecycle of
aviation equipment. Concurrently, there is a deficit of
research that comprehensively examines the methods
for integrating such technologies into the AE LCM
system, which affirms the relevance and necessity of
further scientific development in this area.

Task statement. The goal of this research is to
substantiate approaches to the application of IAS and
Al technologies to enhance the efficiency of aviation
equipment lifecycle management. To achieve this
goal, it is necessary to sequentially address a number
of primary objectives, focusing on the methods,
models, and IAS used for monitoring, analysis,
and forecasting the technical condition of aviation
equipment throughout its lifecycle:

— to analyze the current state of AE LCM and
identify the problems and limitations of existing
approaches to monitoring and maintenance;

— to substantiate the feasibility of applying
artificial intelligence technologies (machine learning,
deep models, prognostic algorithms) for assessing
the technical condition and remaining useful life of
aviation component units;

—to develop a structural scheme for the integration
of IAS and Al into the aviation equipment lifecycle
management system;
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— to determine the prospects for the digitalization
of AE LCM processes based on modern Al-oriented
technologies.

QOutline of the main material of the study. The
aggregate stages of an aviation product’s existence, from
the moment the concept is formed to its disposal, constitute
its lifecycle (LC). Each stage has its own information
flows and specifics, which necessitates a change in the
technical operation paradigm and creates the foundation
for the application of information-analytical systems.

It is established that the traditional approach was
based on a scheduled maintenance model, where
service intervals were determined by operating hours
or calendar time. A number of significant drawbacks
of this approach were identified: the inability to
account for individual operating conditions, the risk
of «overstating» maintenance volumes, high spare
parts inventory costs, and the probability of failing to
detect early signs of failure.

Based on this, the necessity of transitioning to a
digital LC management model is justified, with its
key element being condition-based maintenance
(CBM). Thanks to CBM, it becomes possible to
predict failures based on the analysis of historical

Traditional maintenance

— -

Scheduled Aviation
maintenance : equipment
does not consider the

actual condition of
the component

 —

data and to optimize resources to enhance safety
and reliability. Predictive maintenance accounts for
the individual behavior of components, providing
remaining useful life (RUL) prediction, anomaly
detection, and analysis of degradation trends, which
leads to a reduction in unscheduled failures.

To realize the CBM concept, the typical
architecture of the IAS has been investigated and
defined. This multi-level digital platform integrates
data collection tools from sensors, flight recorders,
telemetry channels (ACARS, SATCOM, ADS-B), as
well as centralized big data storage of the data lake
type. Based on the collected information, monitoring
modules and intelligent AI/ML-analytics components
function, providing deep data processing, parameter
forecasting, and support for decision-making. Such
an integrated structure allows for the creation of a
holistic digital loop for managing the AE condition.

The IAS provides comprehensive processing of
heterogeneous data flowing from onboard monitoring
systems, ground maintenance platforms, logistics
MRO systems, and aerodrome information systems.
Figure 2 demonstrates the main functions that the
IAS performs at each stage of the LC.
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Fig. 1. Comparison of maintenance models
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Fig. 2. Main functions of IAS at different stages of aviation equipment lifecycle
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Al-analytics is a critically important component.
Artificial intelligence technologies are utilized to
ensure deep processing of heterogeneous data arrays
that flow not only from the aircraft but also from
ground-based MRO systems.

Based on the conducted analysis, the application of
specific Al algorithms for solving the main problems of
technical operation is substantiated. Machine learning
(ML) algorithms and deep learning (DL) neural
networks, particularly for time series analysis, are applied
for remaining RUL prediction and real-time modeling of
component degradation processes. Computer vision and
NLP additionally provide automated defect detection
and technical documentation analysis.

This approach forms the foundation for predictive
maintenance (PdM), where the use of Al ensures
early anomaly detection, forecasting the need for
component replacement, and reducing the number of
unscheduled failures by 40-60%. It is also established
that Al is capable of increasing operational efficiency
by optimizing flight modes, analyzing the impact of
the human factor, automatic load monitoring, and
minimizing fuel consumption.

An analysis of the results of implementing Al
models in global practice demonstrates significant
advantages. Specifically, it is established that after
Al implementation, fuel consumption is reduced
by 5-8%, aircraft downtime by 15-20%, and the
number of critical component failures decreases by
25-30%. Furthermore, the time required for finding
the causes of failures is reduced by 60-70%. These
data are graphically illustrated in Figure 3, which
demonstrates the proportion of reduction in key
operational indicators due to Al analytics.

It is confirmed that the application of Al and
integrated aviation systems covers all stages of the
AE lifecycle, forming a continuous flow of data and
decisions. At the design stage, Al algorithms enable
the modeling of characteristics and prediction of
material behavior. In manufacturing, IAS ensures
increased quality control accuracy.

after Al

Component before Al

V7777

100%

10 20 30 40 50 60 70 80 90

Fig. 3. Results of AI model implementation in global
practice: 1 — fuel consumption, 2 — aircraft downtime,
3 — critical component failures, 4 — time required
for root-cause analysis

During operation, Al analyzes flight parameters
and evaluates crew performance efficiency, while at
the maintenance stage, intelligent models determine
the optimal time for procedure execution and predict
failures. At the final stage of the lifecycle, systems
evaluate the economic feasibility of resource
extension and model disposal scenarios.

To visualize the interaction of key elements, a
structural scheme (Figure 4) has been developed and
presented, which illustrates the integration of IAS and
Al modules into the maintenance management complex.

Onboard data Airline IAS
Al modules Maintenance plans
(analysis)

and engineer's decfsfons]
Fig. 4. Scheme of IAS integration into the maintenance
management complex

The scheme demonstrates that telemetry sources
and onboard data flow into the central airline IAS
for aggregation. Subsequent parameter processing is
carried out by Al modules, which perform technical
condition prognosis and automatic recommendation
generation. The results of this analysis directly form
the maintenance plans and engineer decisions, which
are coordinated based on analytical conclusions.

Thus, it is confirmed that intelligent Al models are
not merely an additional tool, but a central element
that ensures the transition from reactive to proactive
management of the entire aviation equipment lifecycle.

Based on the conducted research, it is substantiated
that the integration of IAS and Al technologies forms
a new standard for AE LCM.

Conclusions. The main direction of technical
operation transformation, the transition from the
scheduled preventive model to CBM, is established.
It is proven that this transition depends on the
implementation of Al-analytics, which allows for
failure prognosis and remaining useful life prediction.

The functional architecture of the IAS is
substantiated as ensuring the continuous collection,
processing, and analysis of heterogeneous data
(onboard, operational, MRO). This integrated digital
ecosystem guarantees high accuracy of analysis and
predictability of engineering decisions.

The main economic and operational advantages
of applying Al are determined, including a significant
reduction in operating costs (specifically, fuel and
downtime) and an increase in safety levels due to
proactive anomaly detection.

Itis confirmed that Al models are a central element that
ensures the proactive management of the AE lifecycle at
all its stages, from the optimization of structural solutions
during the design phase to the assessment of the economic
feasibility of resource extension.

ISSN 2663-5941 (Print), ISSN 2663-595X (Online)

255



Bueni sanucku THY imeni B.1. Bepnaacbkoro. Cepis: Texniuni Hayku

Bibliography:

1. Honeywell Connected Aircraft: Predictive Maintenance Solutions. URL: https://aerospace.honeywell.com/
us/en/products-and-services/product/services/connected-aircraft

2. Salinas-Camus M., Eleftheroglou N. Uncertainty in Aircraft Turbofan Engine Prognostics on the C-MAPSS
Dataset. PHM Society European Conference, 8(1), 10. 2024. https://doi.org/10.36001/phme.2024.v8i1.4007

3. Balaban E., Saxena A. Prognostics for Complex Aviation Systems Using Machine Learning. Annual Conference
of the Prognostics and Health Management Society (PHM Society Proceedings), Vol. 10, No. 1, 2019. P. 357-367.

4. Sipos M. Deep Learning for Remaining Useful Life (RUL) Prediction in Turbofan Engines. /EEE
Transactions on Reliability. 69(1). 2020. 329-342. doi:10.1109/TR.2019.2942488

5. Saez D., Royo P. Al-Based Methods for Aircraft Lifecycle Management: From Condition Monitoring
to Predictive Analytics. Journal of Intelligent Transportation Systems. 24(5). 2020. 456-468. doi:
10.1080/15472450.2019.1685858

6. Li X., Oliver J. Digital Twin in Aerospace Applications. Aerospace Science and Technology. 2021. 119.
doi:10.1016/j.ast.2021.106880

7. Zhang H. Digital Twin—Driven Maintenance for Aircraft Systems. Engineering Applications of Artificial
Intelligence. 2022. 115. doi: 10.1016/j.engappai.2022.105260

8. Li X., Li Y. Digital Twins for Aircraft Maintenance and Lifecycle Optimization. Aerospace Science and
Technology. 2021. 116. doi:10.1016/j.ast.2021.106877

9. Ienina I. 1., Chornohor N. O. Analysis of Digital Technologies with IoT for the Maintenance of Aviation
Equipment. Bueni 3anucku THY imeni B.1. Bepnadcvrozo. Cepis: Texniuni nayxu. 36(2). 2025. 228-233. https://
doi.org/10.32782/2663-5941/2025.2.1/34

10. Zhao Y., Liu Q. Integration of IoT and Al for Aviation Maintenance Decision Support. Sensors. 22(18).
2022. doi:10.3390/522187012

11. Oliver J., Becker M. Al-Based Reliability Modeling of Aircraft Systems. Engineering Applications of
Artificial Intelligence. Tom 112, 2022. doi:10.1016/j.engappai.2022.104778

12. Crenanenko B. Oco0nuBoCTI 3aCTOCYBaHHSI HEHPOHHHX MEPEX JUIsl MPOTHO3YBAHHS BIIMOB aBialliiHUX
arperari. Agiayitino-kocmiuna mexnixa ma mexronoeis. (168). 2020. C. 58-63.

€nina LI, Yopuorop H.O., Manyii A.M. 3ACTOCYBAHHS TH®OPMAIIMHO-AHAJITUYHUX

CHUCTEM TA Al AJI YITPABJIIHHA )KUTTEBUM LHIUKJIOM ABIALHIUMHOI TEXHIKHA

Y cmammi pozenrsoaromscsi nioxoou 00 3aCmocy8anHst IHOOPMAYIUHO-AHATIMUYHUX CUCIEM MA TEXHON02Il
WIMYYHO20 THMENEKN) 3 Memo0 NIO8UUIEHHS e(heKMUBHOCTE YIPAGTIHHS HCUMIMEBUM YUKIIOM ABIAYIIHOI MeXHIKU.
Asmopu nokaszyroms, Wo cyuacHa asiayitiHa any3b 3IUMoexXyEmMbCsa 3 NPOOIEMOI0 eKCNOHEHYIAIBHO20 3DOCHIAHHS
00csizie damux, siKi eenepylomvcst Ha ecix emanax XKL, 6i0 npoexmysanns 0o excnayamayii. Tpaouyitini cucmemu
aHanizy GUSHAHI HEOOCMAMHIMU O NPULHAMNS ONEPAMUSHUX CIPAMEIYHUX PILUEHb, U0 BUMALAE NPOBAONCEHHS
iHme2posano2eo cepedosuya NiOMpUMKU YNPAGIHHSL.

AxmyanvHicmb  00CTONCEHHS. OOLPYHMOBYEMbCS HEOOXIOHICIIO PO3POOKU KOMIIEKCHUX NIOX00I8, 30amHUX
inmezpyeamu cyuacui IAC ma Aly eouny apximexmypy ynpasninus KL AT. IIposedenuti ananiz ocmanHix 0ocniodicetn
niomeepodcye, wo inmeepayis Al-ananimuxu, éenuxux gaﬁux, loT-cencopuxu ma xonyenyii yu@posux OGIUHUKIE €
2100AIbHUM MPEHOOM. ABMOPU 6KA3YIOMb HA OOMENCEHICHb POOIM, SIKI KOMIIEKCHO PO32TA0A0Ns MEMOoOu iHmeepayii
yux mexuonoein y cucmemy ynpagninna XKL AT sk yinicnui npoyec. Mema OOCJzi(fwceHHﬂ nonsieae 8 0OLPYHNY8AHHI
nioxo0die 00 3acmocyB8amts IAé) ma mexwnonoeii Al ons niosuwenns egbek*mueﬁocmi ynpaesninns XKL AT.

Ha 6asi cucmemnoco auanizy npoeedeno NOPIGHAHHSA MPAOUYitiHOL  NAAHOB0-NONEPEONCYBATbHOT MO0
MEXHIYHO20 00CIY208YBAHHA 3 MOOELIHO NPOSHOCMUUHO20 00CTY208Y68aHHA. [l OOLPYHMYEAHHS 3ACMOCYBAHHS
WIMYYHO20 THMENEKMY BUKOPUCIAHO MEMOOU MAUUUHHO2O0 Md 2TUOUHHO20 HABYAHHS, A OJid OeMOHCmpayii inmezpayii
pospooneno cmpyknmypry cxemy TAC.

Y pobomi obrpyrmosaro Hanpamox mparcopmayii mexuiuHoi excnayamayii no nepexooy 00 00CIy208Y8aHHSA
34 peanvHuM mexHiunum cmarom. Jlosedeno, wo yei nepexio sabesneuyemvcs Al-ananimuxoro, ska 30iUCHIOE
NPOCHO3Y8AHHS BIOMOG MA 3ATUUIK08020 pecypcy. B cmammi suznaueno munogy apximexmypy IAC, sxa inmespye
6gpmoei Oani i3 HazemHumu cucmemamu. Ha ocrosi yboeo pospobneno cmpykmypry cxemy inmeepayii IAC ma
Al-mooynis, de pesymomamu npocnosHol ananimuxu desnocepedvo Gopmyioms nianu TO ma niompumyrons
NPULIHAMMSL TH)CEHEPHUX PillieHb.

Bemanoeneno €q£7€Kn1Ll6HiCI1’lb enposaoicentss Al-mooeneil. 3okpema, nokasaro, wo suxopucmarrs Al 0ozeonse
cKopomumuy nanueHi sumpamu Ha 5—8%, IMeHuWUmu 4ac npocmoroéants nimaxise Ha 15—20% ma 3nusumu Kinbkicme
HE3aNIaHOBAHUX GIOMO8 KpUMUYHUX 6y31ie Ha 25—30%.

Pezynomamu docnioscenns Hadaroms memooonoeiunull 0azuc 01 6NPOBAONCEHHSL THMENEKNYAIbHUX CUCTHEM
niompumKu piwiens 6 asiayitinux nionpuemcmesax. Lugposizayis ynpasninns JKI] AT 3abe3neuye niosuwents piens
Oe3nexu, 3MeHIWeH sl eKCHLYamayitiHux 6UMpam ma 3Ha4He NOKPAujeHHs nPOSHO3Y8aHHS MEXHIYHO20 CIAHY.

Knrouogi cnosa: inghopmayivino-aHanimuuri cucmemu, WnyyHull iHmenekm, YUPAeiiHH HCUMMECUM YUKTIOM,

asiayilina mexHika, npocHOCMUYHe MexHIuHe 00CY208Y8AHHS, 3AIUUKOBULL Pecypc, YUMPOBULi OBIIHUK, 8EIUKE OGHI.
JlaTta HagxomkenHs ctarti: 17.11.2025
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