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Abstract

Aviation is widely recognised as a system of systems where interconnected components
interact dynamically within a structured framework. Failures in aviation equipment, incon-
sistencies in technological procedures, and operational inefficiencies contribute to stochastic
variability, making robust data-driven approaches essential for enhancing sustainability
and resilience. This study proposes a comprehensive statistical data processing framework
aimed at enhancing the sustainability and resilience of civil aviation systems, using Ukraine
as a case study. Our analysis identifies two major gaps: an insufficient application of mod-
ern data processing techniques and a lack of consideration for the changepoint effect—a
critical factor influencing reliability indicators, diagnostic parameters, and technological
process trends. The scientific novelty and value of this article lie in the development of
a new approach to data processing in civil aviation, which includes a set of methods for
changepoint detection, the estimation of the model parameters after the changepoint, and
the prediction of future values in trends of processed data. The practical value is asso-
ciated with the possibility of implementing such processing for all components of civil
aviation, where process parameters and trends of diagnostic variables for components
of civil aviation systems are monitored. The analysis of the efficiency of the proposed
approach to data processing showed the possibility of reducing operating costs, which
can be considered within the framework of sustainable development of civil aviation. An
important practical result is that the authors propose a Datahub model to facilitate the effi-
cient collection, processing, and usage of aviation-related statistical data, supporting both
sustainable decision-making and cost minimisation. A case study on aviation radio equip-
ment demonstrates the application of statistical data processing techniques, incorporating
the changepoint effect through Monte Carlo simulations.

Keywords: statistical data processing; sustainable aviation; Ukraine; data-driven decision-
making; changepoint effect; Monte Carlo method; Al-driven analytics; aviation radio
equipment; aviation safety

1. Introduction

Civil aviation is an important industry for many countries, addressing challenges
related to passenger and cargo transportation, responding to emergencies such as natural
disasters and fires, the exploration of minerals, support for agricultural enterprises, and
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more [1,2]. Today, civil aviation is increasingly being supplemented by unmanned aircraft
systems to carry out tasks such as surveillance, cargo delivery, environmental monitoring,
and other operations [3]. Overall, this industry is constantly becoming more complicated,
incorporating new components and processes, and therefore can be considered as a system
of systems [4,5].

The main requirement of civil aviation is to ensure the safety and regularity of aircraft
operations while adhering to established constraints on costs and human and material
resources [6,7]. The integrity and efficiency of civil aviation can be affected by possible
random events that may occur during its operation. These events may be related to the
condition of the aircraft; the qualifications, skills, and physiological state of personnel; the
reliability of equipment for flight support; air navigation systems; and other factors [8,9].

The main civil aviation systems involved in ensuring flight safety and operational
regularity include the flight operations system; aviation safety system; aviation equipment
maintenance and operation system; air navigation service system; air traffic control system;
aviation security system; occupational health and safety system; environment protection
system; service quality management system; the system for the design, construction,
and maintenance of airport infrastructure suitability; and the system of scientific and
methodological support for civil aviation operations [10,11].

The mentioned systems are dependent on and interact with each other according to
system and process principles and models. The large number of systems and the possibility
of various random events occurring in them are a prerequisite for increasing entropy and
uncertainty in the state of civil aviation. This leads to the need to develop new approaches
and principles for monitoring and controlling the state of civil aviation components to form
corrective and preventive measures based on the results of statistical data processing.

A characteristic feature of these systems is the presence of properties typical for
queueing systems. Such systems are designed to process the flow of applications (requests),
to control the quality of their execution, and to continuously improve their components [12].
Each system is characterised by its organisational structure, resources, processes, personnel,
regulatory documentation, and other elements [13]. The components of these systems exist
in complex interrelationships with each other.

It should be emphasised that civil aviation is a critical industry of any country; there-
fore, the strict implementation of regulatory documentation is a key factor in maintaining
flight safety. In this context, international organisations such as ICAO, Eurocontrol, EASA,
and FAA develop and maintain the relevance of these documents in accordance with the
main challenges of today.

According to the current operational practice, a characteristic phenomenon in the
above-mentioned systems is ageing, including the destruction of connections, deterioration,
and other forms of degradation [14]. This process occurs as a result of random events
associated with failures, damages, malfunctions, faults, and inconsistencies within the
equipment itself, the supporting systems, and the external environment [15,16]. In the
context of the latter statement, it should be noted that flight operations are performed
within the airspace.

Thus, the trends of all statistical data are non-stationary and are controlled by laws
with the presence of changepoints. This is typical for all civil aviation systems. Therefore,
adequate and effective solutions to the problems of statistical data processing under such
conditions are directly related to the sustainable development of civil aviation. It is neces-
sary to carefully collect statistical data on the functioning of all components of civil aviation,
carry out processing, and take timely corrective and preventive actions.
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If we do not take into account information about possible changepoints during pro-
cessing, it can lead to increased operating costs, decreased equipment reliability, and risks
of dangerous situations.

Considering Ukraine as a case study, several specific features should be highlighted
in the field of its civil aviation. In 2014, the airspace of Ukraine was significantly re-
duced due to the loss of the Crimean regional structural unit. The consequences of this
event also affected other countries in terms of replanning air routes. Furthermore, since
24 February 2022, Ukraine’s civil aviation sector has been suspended, and the country’s
airspace has remained closed [17]. As a result, the following developments can be observed:

1. Aviation equipment is currently not being used for its functional purpose and is
disconnected from the constant power supply. At the same time, only a limited number
of maintenance procedures are being carried out, which cannot fully guarantee the
future reliability level of the equipment.

2. The staff number of air navigation service providers has decreased. This is due
to various factors, including emigration, insufficient funding, and a shortage of
young specialists.

3. The demand for aviation programs in higher educational institutions has significantly
decreased, hindering the training of a sufficient number of specialists required for the
post-war reconstruction of Ukraine.

4.  The infrastructure of some airports has sustained varying degrees of damage and
requires reconstruction and modernisation.

5. Tasks related to the extension of the service life of aviation equipment and audits of
aviation enterprises are mainly being performed remotely. There is a pressing need
for the deployment of specialists from state regulatory bodies to inspect, monitor, and
control the technical condition of aviation equipment [18,19].

A positive feature is the fact of financial support provided by international organisa-
tions for the activities of air navigation service providers in Ukraine, which gives optimism
in the further sustainable development of civil aviation in Ukraine after the end of the war.

Financial support for Ukrainian aviation is directed, among other purposes, towards
the acquisition of new models of ground-based aviation equipment. On the one hand, this
initiative facilitates the integration of Ukrainian aviation into the framework of sustainable
global development, particularly in terms of enhancing the accuracy of measuring naviga-
tion coordinates, improving the quality and security of communications, and using highly
reliable equipment. However, on the other hand, a number of challenges arise that need to
be resolved by all aviation stakeholders.

Among these problems, the following should be highlighted:

1. The need to develop regulatory support concerning the commissioning of aviation
equipment, flight inspections, and instructions for performing maintenance and re-
pair procedures.

2. Addressing the challenges related to the logistical support of spare parts for aviation
equipment during both warranty and post-warranty service.

3. Training personnel to acquire practical skills in the operation, maintenance, and repair
of equipment for its intended functional purposes.

4. Establishing comprehensive collaboration between state regulatory bodies, aviation
enterprises, and research and development organisations and groups.

5. The development and implementation of measures regarding the organisational struc-
ture, equipment, and technologies of repair centres.

6. The development of new technologies for collection, processing, and using statisti-
cal data.
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A fundamental feature of the data to be processed is its stochastic nature [20]. There-
fore, data processing algorithms should be based on the tools of probability theory, mathe-
matical statistics, statistical estimation theory, and related methodologies [21,22].

A characteristic feature of the data associated with processing tasks is the presence
of changepoints. A changepoint represents the transition from one stationary observation
phase to another, which, in the general case, is a non-stationary phase [23]. In the theory of
the reliability and operation of aviation systems, changepoint processes are associated with
the deterioration of the technical condition of equipment [24].

Analysis shows that insufficient attention has been paid to the processing of non-
stationary datasets with changepoints. This, in turn, leads to a decrease in the level of
decision-making efficiency and accuracy during the formulation and implementation of
preventive and corrective measures. The failure to detect changepoints in a timely manner,
as well as the absence of appropriate data processing procedures across all civil aviation
systems, can result in a significant increase in operational costs and a decrease in aviation
safety levels [25].

In the theory of aviation systems operation, there has been an evolution in the imple-
mentation of maintenance strategies, which is reflected in the well-known MSG concept.
However, these concepts also do not take into account the possibility of the changepoint. If
we monitor the main trends of sustainable development in the world, it should be noted
that today there is a transition to Industry 4.0 technologies. These technologies include
the widespread use of digitalisation, data processing methods, intelligent decision-making
tools, comprehensive monitoring and control of the condition of systems and equipment,
elements of the Internet of Things, new-generation information transmission networks,
and others. Thus, the introduction of data processing technologies, including in the case
of the changepoint, into the activities of civil aviation corresponds to the trends of global
sustainable development.

The data that are subject to collection and processing in civil aviation include

Equipment diagnostic variables.
Equipment reliability parameters.
Technical and economic indicators.

L

Indicators characterising the constituent elements of the technological processes within
operation and maintenance systems.

5. Indicators of the efficiency of equipment utilisation for its functional purpose and the
operation system as a whole [26].

All of the above, along with other critical data and information, should be stored in
appropriate repositories within Datahubs. Additional information may include modern sci-
entific literature (articles, papers, conference proceedings, monographs, textbooks, reference
books, training manuals, standards, patents, and more) covering the latest achievements in
fields of artificial intelligence, machine learning, deep learning, decision theory, probability
theory, mathematical statistics, reliability theory, etc. This information can be used to
update and improve the algorithmic support of the Datahub, particularly in the processing
and using statistical data.

The processes of collection, processing, and using statistical data are typically imple-
mented within aviation equipment operation and maintenance systems [27,28]. In general,
the main goal of the operation system is to ensure a specified level of efficiency in the
utilisation of equipment for its intended functional purposes. To achieve this goal, the
following processes are performed in the operation system:

1. Maintenance and repair.

2. Monitoring and control of all components of the operation system.
3. Service life extension.
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4. Flight and ground inspections.

o1

The optimisation of the spare parts stock and logistics of their replenishment.

6. Analysis and testing of methods for increasing reliability during the operation of
equipment in related industries.

7. The implementation of research and development results.

8.  The training and professional development of personnel.

9.  Environmental protection.

10. Access control and the prevention of acts of unlawful interference [29,30].

Taking into account the mentioned information, the goal and objectives of this study
can be formulated.

The aim of the study is to reduce the costs for aviation equipment operation by
developing a new approach to data processing that takes into account the possibility of the
changepoint in the trends of aviation equipment parameters.

To achieve this aim, the following research objectives are considered during this study:

1. An analysis of the features of the Datahub implementation for collecting, processing and
using statistical data in the air navigation service system for sustainable development.

2. The determination of the structure and content of the Datahub for collecting, process-
ing and using statistical data.

3. The development of methods for detecting the changepoint, estimating model pa-
rameters after the changepoint, and predicting future trends in changes in aviation
equipment characteristics.

4. A comparative analysis of two data processing options (with and without taking into
account possible changepoint).

The scientific novelty of this study is the combination of a set of different data process-
ing methods in the case of objective presence of the changepoint, which includes detection
of the changepoint, estimation of model parameters after the changepoint, and forecasting
future trends in changes in the characteristics of aviation equipment. At the same time, an
original statistical model is proposed that describes reliability indicators and diagnostic
variables of aviation equipment. In general, the proposed model and a set of data pro-
cessing methods for aviation applications have not been studied in the scientific literature.
The obtained scientific results can be used to reduce operational costs in the context of the
sustainable development of the aviation industry.

2. Literature Review and Problem Statement

The use of new technologies based on modern scientific and technological achieve-
ments is key to the development of the aviation industry. Currently, these technologies are
being implemented to address a wide range of challenges within civil aviation systems [31].
The collection, processing, and usage of statistical data can be considered within the frame-
work of the data-driven decision-making concept and Industry 4.0 technologies [32,33].

The introduction of modern information technologies is one of the tasks supporting the
sustainable development of civil aviation. According to [34], the main ambitious challenges
facing the aviation industry by 2050 are

1.  The usage of the most advanced types of aviation equipment and the provision of
effective services based on their operation.

2. Attracting talented industry professionals to address the urgent needs of the avia-
tion industry.

3. Meeting market demands for sustainable, reliable, and safe transportation of passen-
gers and their baggage at the required capacity.

4.  Protecting the environment.
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5. Ensuring the required levels of aviation safety.

Overall, there are a lot of studies devoted to the issue of the sustainable development
of the aviation industry.

Article [35] considers one of the key areas of sustainable development, which is the
electrification of the aviation industry. The authors highlight the advantages of electric
aircraft, including the reduction in carbon dioxide emissions, noise levels, and fuel costs.
In the section devoted to sustainable development, the paper presents information on the
possibility of carbon dioxide emission reductions by up to 80% when using alternative types
of fuel. The authors also investigate the life cycle of hydrogen production and establish
that even green hydrogen possesses a significant carbon footprint. Another aspect of the
study involves assessing the impact of reduced take-off and landing times on lowering
environmental emissions. Additionally, a number of infrastructure changes and the need
for the development of new standards and regulatory documents are identified as critical
steps towards the full transition to electrified aviation.

In light of the current global shortage of vital resources, particularly energy and clean
air, several regulatory documents have been introduced in the field of civil aviation to
regulate the reduction in pollutant emissions into the environment [36]. The introduction of
electric aircraft must also meet most existing safety requirements and regulatory standards,
including the development of new supporting infrastructure.

The article [37] examines approaches to sustainable aviation development based on
the optimisation of technological operations. The author focuses on the optimisation of
flight and ground operations in order to reduce the environmental impact of the aviation
industry. The paper analyses key factors affecting sustainable development, including
flight planning, maintenance, and fleet and crew distribution. One of the proposed solu-
tions is the implementation of digital technologies and artificial intelligence to optimize
these processes.

The author of the article [38] analyses the problem of sustainable development in
the general aviation sector. In the part of sustainable development, the article addresses
environmental challenges such as the use of various types of fuel, noise pollution, and the
operation of outdated aircraft. Considerable attention is paid to the human factor during
the implementation of new technologies. The analysis identifies the need to integrate
sustainable development issues into pilot training programmes.

Key aspects of sustainable development within the airport ecosystem are investigated
in the study [39]. The paper focuses on the analysis of sustainable development challenges
and their impact on the transformation of the aviation industry. The authors examine
aspects such as forecasting passenger flows and assessing the economic impact of new
routes during the deployment of new low-cost airlines. The article also addresses the
issue of human factors management in aviation, in particular the development of models
that consider human behaviour and cultural influences. Overall, integrated and systemic
approaches to sustainable development within the airport ecosystem are identified as
important components for increasing the operational efficiency of airports and airlines [40].

The article [41] focuses on the methodology for assessing the environmental sustain-
ability of airports. This research aims to develop an algorithmic assessment system based
on the use of the rank sum method to compare airports according to various environmental
indicators. Among the issues of sustainable aviation development, the authors focused
their attention on energy management, issues of air pollution, possibilities of noise re-
duction, water drainage, and waste disposal. The study also establishes the importance
of integrating sustainable practices into airport operations in order to mitigate negative
environmental impacts.
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The article [42] explores the possibilities for reducing greenhouse gas emissions in the
airspace of the Netherlands. The authors analyse different decarbonisation scenarios, with
particular attention given to the introduction of sustainable aviation fuel, the electrification
of ground operations, and the optimisation of aircraft routing. They conclude by emphasis-
ing the importance of investment in the research and development of new technologies to
achieve sustainable development goals.

The authors of the article [43] propose a new methodology for assessing the sustainable
development of the aviation industry using a data efficiency network analysis model. The
model takes into account the relationships between different civil aviation systems. Based
on the application of this model, it is possible to assess the efficiency of resource usage,
environmental impact, and economic performance.

Innovative approaches to increasing environmental sustainability in the transport
sector through surface modification and the control of material morphology are discussed
in the article [44]. The authors study the influence of the microstructure and texture of
vehicle surfaces on aerodynamic resistance, thermal conductivity, and energy consumption.
The results of the study emphasise the need to integrate new technologies into the produc-
tion and operation of vehicles to increase the efficiency of civil aviation in the context of
sustainable development.

An important direction for the sustainable development of civil aviation is the saving
of expendable resources and cost reduction [45]. It is known that maintenance costs
significantly exceed the initial cost of aviation equipment. Therefore, the introduction of
new maintenance models based on data processing technologies is an important aspect of
the civil aviation development.

The article [46] examines the factors affecting the profitability of aviation enterprises
that perform maintenance and repair procedures for aviation equipment. The authors
analyse the statistical data of aviation enterprises to identify key variables that determine
an enterprise’s profitability. The study emphasises the importance of using analytical
and computational tools to support strategic decision-making aimed at improving the
efficiency and competitiveness of enterprises operating aviation equipment. The results of
the paper can be used to develop sustainable development policies in the aviation sector,
particularly by optimising resource usage and implementing innovative approaches to
profitability management.

The authors of the article [47] analyse the possibilities of using simulation modeling to
optimise the duration of winter maintenance at airports. The main focus of the paper is
placed on studying the effectiveness of planning and resource utilisation during equipment
maintenance and their impact on flight delays, flight safety, and energy consumption.
The use of simulation models allows us to determine optimal approaches to the distri-
bution of equipment, machinery, and personnel to ensure the integrity and continuity of
airport services.

The article [48] examines the features of implementing technical condition monitoring
systems throughout the life cycle of aviation equipment in order to increase the economic
efficiency of the aviation industry. The authors propose the integration of monitoring
technologies with the Internet of Things, artificial intelligence, and blockchain technologies.
This integration enables real-time monitoring, data processing, cybersecurity provision,
and the secure storage of data and processing results. This approach helps to reduce
maintenance costs, optimise certain maintenance and repair operations, and increase the
reliability of aviation equipment.

The problems of the analysis of changepoints are widely considered in various spheres
of society. According to the article [49], the problems of the analysis of changepoints
can be considered from the point of view of the expert approach of a person during the
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monitoring of various processes. However, such an approach is laborious and subjective.
The automation of the process can consist of using algorithmic means of pre-processing to
fix the fact of non-stationarity and to determine the changepoint in the model. The study
conducted by the authors established that at least 16.4% of time series have a changepoint;
that is, the relevance of taking into account the changepoint is justified and should be
solved for practically significant industries.

The article [50] considers the problems of synthesis of four methods of statistical
classification for the detection of changepoints. The main attention of the authors is paid to
the mathematical synthesis of detectors based on the use of the likelihood ratio, ordinary
least squares, CUSUM technology, and the comparison method. However, the authors do
not provide the calculation of performance indicators and do not perform a comparative
analysis of the proposed algorithms. In general, the article emphasises the importance of
applying the technology of changepoint detection in the financial sector.

The article [51] is devoted to the synthesis and analysis of Bayesian methods for
changepoint detection. The authors use real data described by a non-stationary random
process. To compare the proposed detection procedures, the article presents the features of
calculating the probability of correct detection, false alarms, and target misses. It should
be noted that Bayesian methods have a significant drawback due to the need for a priori
information on the probabilities of the hypothesis and the alternative, as well as the
cost function.

The authors of article [52] performed a comparative analysis of several methods for
detecting the changepoint based on supervised learning by calculating the correlation
coefficient and using built-in MatLAB functions. The obtained results showed that during
the analysis of Lidar data, the probability of making the correct decision was approxi-
mately 83.7%.

The article [53] focuses on the features of changepoint detection based on the authors’
assumption of different distributions of the data at intervals before and after the changepoint.
Therefore, the feature of the changepoint was considered to be the distance between the two
distributions, for which the scaled-Bregman divergence was used. This estimate was also
integrated into the kernel regression model to improve the detection characteristics.

The authors of the article [54] performed the synthesis of a changepoint detector using
the Bayesian approach, the well-known changepoint model, and regression dependence.
Despite the high efficiency of the method, the proposed approach has a number of limita-
tions, including its application to time series with gaps and the need for a large amplitude
of data variation.

The article [55] is devoted to the features of the analysis of time series with one
and several changepoints. In the case of a single changepoint, the authors performed
a comparative analysis of methods based on the CUSUM statistic and improved them
by using the squares of the decision statistics. In the case of multiple changepoints, a
new distance measure was introduced. The results showed that the efficiency of different
detection methods depends on the specific data being processed.

The authors of the article [56] focused on the analysis of performance indicators after
changepoint detection. Such an analysis allows for reducing the level of uncertainty after
detection and using less information. The proposed approaches are illustrated by examples
of a real dataset and generated data.

The articles [57,58] provide a detailed classification and comparative analysis of the
efficiency of different methods for detecting changepoints. The authors noted the main
challenges that need to be addressed in this area of scientific research.

In general, the theory of reliability, maintenance, and repair is well developed for the
cases corresponding to the useful life stage of equipment [59]. In such cases, general models
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of operating time between failures are used, and these models are extensively described in
the scientific literature [60,61]. The trends in statistical data are typically characterised by
stationary random processes [62,63].

However, in cases where the technical condition of equipment deteriorates, the sta-
tionarity of the nature of the data trends regarding reliability parameters and diagnostic
variables is disrupted [64]. In this case, the moment of deterioration of the technical condi-
tion is random with an unknown distribution and parameters. This, in turn, complicates the
synthesis of data processing algorithms and increases the level of a priori uncertainty [65].

Overall, the deterioration of the technical condition should be detected as early as pos-
sible, after which the parameters of the models describing changes in reliability indicators
and diagnostic variables can be estimated [66,67]. Following the detection of deterioration,
models describing changes in the trends of these indicators can be constructed. It is quite
logical to apply a segmented regression with a single switching point to describe such a
trend. To build an accurate model, the optimisation approach described in the article [68]
can be used.

The results of the assessment and the obtained mathematical models for describing
trends in statistical data can be used to solve prediction problems. In this case, the remain-
ing useful life of the equipment and the possible moment of failure can be determined.
Information regarding the possible time of equipment failure is used to perform predictive
and corrective maintenance activities [69].

Let us perform a mathematical formulation of the research problem. As a generalised

— —
efficiency indicator, we choose costs Cost, which are associated with the possible risks Risk
in the air navigation service system arising from failures, damage, and malfunctions during
equipment operation, as well as inconsistencies within the supporting processes. Therefore,

- =
in the general case, the cost vector is a function of the risks, expressed as Cost(Risk).
Typically, in accordance with the concept that civil aviation is a system of systems,

we believe that there is a vector of systems Sys?ems. During the operation of the systems,
there is a set of data and components for monitoring § and control ? Throughout these
processes, corresponding processing algorithms are applied for monitoring ; x and control
Xy. These processing algorithms are closely linked to statistical models M:del and to
existing or measured datasets Data The functioning of the systems rehes on the provision
of resources Resource within a spec1ﬁg operational environment Condztzon considering any

existing or potential limitations Limitation.
Taking the above into consideration, it is possible to formulate the generalised func-
tional dependence for the components of the investigated industry.

- - = = — —
Cost(Risk) = Systems(X/Ax(Model, Data),Y / Ay(Model, Data)|Resource, Condition, Limitation). (1)

To address the challenges of sustainable development in civil aviation, it is necessary
to decompose the tasks and research activities at the level of each individual system. In
general, this involves planning a set of studies that collectively represent a sophisticated
system design problem.

Therefore, this study considers the synthesis and analysis of data processing algo-
rithms within the corresponding Datahubs during the monitoring and control of reliability
parameters and diagnostic variables in the air navigation service system for the further
minimisation of operating costs. In this paper, the main focus will be paid to Datahub
infrastructure for aviation radio equipment.
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3. Materials and Methods

A generalised structural diagram of the components, illustrating the structure of the
civil aviation air navigation service system, is presented in Figure 1.

Civil aviation

System # 1

System # 2 System #N-1

Air navigation
service system

System # N

Air traffic I Aviation radio I Lo qatltt?nal
: organizations
] controllers equipment |
Service users I of civil
Operation system aviation
—_— —
>
State = -
i 2 Z T - 8 5
authority e 2 E zl 8 R % z| 3 =
.- »n
£E|12E| 5 |sE|RE 2| ¢
eg|leel 2 |e5|sEl 2| & Datahubs
SE|5E| 5 |sS|eE 5| £
S <=ls 2| & I R 1=
Z 2|lc 3 = Sals =] = =
s g |E<T|E =
) Il
a
Personnel Processes

Algorithmic support for data analysis

=

Efficiency analysis Formatlon of current
preventive and
corrective actions

Figure 1. Generalised structure of the air navigation service system of civil aviation.

The air navigation service system is a complex and sophisticated system in both
structure and content. It includes aviation radio equipment for communication, navigation,
surveillance, and the air traffic controllers themselves. To ensure the efficient operation of
aviation radio equipment, appropriate structural elements are used. The common feature
of these elements is the existence of technological processes and personnel responsible
for their execution. According to the functional purpose, the efficiency provision system
comprises the following components: normative standards, manufacturing plants, repair
centres, research and development institutes and groups, national regulatory documents,
resources, and training centres. The initial information for decision-making is derived from
monitoring and control results, which form part of the algorithmic support system. Based
on the results of data processing, preventive and corrective measures of both current and
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strategic nature are formulated. At the same time, an analysis of efficiency is performed,
taking into account the objectives of the aviation equipment operation system. Datahubs
accumulate data from all components of the air navigation service system and form the
foundation for the improvement and sustainable development of civil aviation.

Let us define the set of algorithmic support tools for solving the problems consid-
ered in this study. Algorithmic support is a set of data-collecting procedures, processing
technologies, and data-driven decision-making approaches that can be integrated into the
generalised structure of the Datahub.

According to [70], a Datahub integrates a set of technical computing facilities for re-
ceiving, storing, processing, ensuring data confidentiality, supplying power, and managing
software. A typical Datahub can include thousands of servers through various types of
network infrastructure. The critical issue in this case is establishing reliable communication
between all network components, saving electricity, automating processing, and supporting
decision-making processes.

The architecture of a possible Datahub infrastructure is given in [71]. This Datahub
includes two types of datasets. The first type consists of artificially generated data, which is
required for training models and analyzing the effectiveness of prospective data processing
algorithms. The second comprises external datasets, created based on the observation of
specific objects or phenomena. Such datasets may contain information presented in either
digital or categorical form.

Information is transmitted to the Datahub via network equipment. The sources of
this information include Internet of Things sensors, measuring equipment, data from open
databases, knowledge repositories, and other sources. Therefore, in the context of aviation
radio equipment, during the Datahub deployment, issues concerning the compatibility of
the monitoring and control system with network equipment must be addressed.

During the operation of aviation radio equipment in civil aviation, algorithmic support
is used to perform the following tasks:

1. The analysis of the processes of deterioration in technical conditions.

2. The assessment of reliability and forecasting of the remaining useful life of equipment
and its components.

3. The optimisation of the spare parts inventory.

4. The determination of preventive thresholds within the framework of condition-based
maintenance strategies.

5. The diagnostics and identification of faulty elements.

6. The determination of the number of maintenance staff required and the specification
of their necessary skills.

7. The prediction of future trends in diagnostic variables and reliability parameters.

®

The determination of the location and scope of repair centres.

9.  The analysis of the tactical and technical characteristics of aviation equipment during
marketing research and the equipping of aviation enterprises in accordance with
international and national regulatory requirements.

10. The analysis of information flows and decision-making schemes to ensure the opti-

mal functioning of the organisational triad in civil aviation, namely state regulatory

authorities, operating enterprises, and research and development organisations.

The creation of an algorithmic support system involves the solution of problems
related to the synthesis and analysis of data processing algorithms. Synthesis problems
are usually solved analytically through the application of methods from probability theory,
mathematical statistics, machine learning, artificial intelligence, and other fields. Analysis
problems involve identifying key performance indicators and studying the suitability of
the algorithm for solving a specific problem.
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Algorithmic support can be classified according to four characteristics, namely func-
tional purpose, efficiency analysis, statistical data model, and the level of a priori uncertainty.
The structure of the Datahub’s algorithmic support system is presented in Figure 2.

Algorithmic support for data analysis

Monitoring, control, and diagnostic I

— Acu.)rdmg to the Detection, estimation, and filtration I
functional purpose
Interpolation and extrapolation I
Analytical approach

According to Y b I
—> technology of Statistical simulatiom I

efficiency analysis : : - :
Analytical, calculation, and simulation I

NI

With and without changepoint I
According to models . N

— of statistical data Stationary and nonstationary I
With known and random sample size I
Parametric I

| According to level o .
e e Distribution-free I
Adaptive I

Figure 2. Structure of the Datahub’s algorithmic support system.

Thus, the air navigation service system includes several areas that require attention
and improvement. The Datahub addresses all these tasks by implementing the appropriate
data processing algorithms.

In other words, the Datahub is a complex environment for data and information collec-
tion, data processing, and the formulation of preventive and corrective measures, followed
by the assessment of the effectiveness of their implementation. Physically, the Datahub
must be hosted on server equipment, incorporate a set of hard drives, provide computing
capabilities, and ensure the protection and confidentiality of data and information in the
face of potential cyber threats and cyber incidents. It should be noted that cyber threats
and cyber incidents represent the negative consequences associated with the development,
use, and implementation of information technologies. Therefore, the issues of detecting
and preventing cyber threats must be systematically addressed.

When creating and deploying Datahubs, it is necessary to rely on appropriate method-
ological support. This support can include methods, concepts, principles, standards,
theorems, statements, approaches, models, etc.

Methods include approaches to the synthesis of data processing procedures (for
example, based on maximum likelihood estimation, sequential Wald analysis, the Bayesian
approach, and others), their analysis (for example, using analytical, statistical simulation,
and computational modeling), the use of a priori data models (in particular, Gaussian,
exponential, uniform distributions, a mixture of deterministic and stochastic processes, and
others), and the establishment of desired quantitative values for performance indicators
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(for example, requirements for the probability of correct detection during classification,
minimum bias and variance during evaluation, etc.). In the general case, methods should
be adaptive, considering varying levels of uncertainty.

To develop the structure of the Datahub, we will represent the operation system in the
form shown in Figure 3.

r L Air navigation

q e Aviati di ]
Alr.nav1gat10n | :z‘ui;:lnl; tlo | service requests
service requests processed and
fulfilled

Operation system

Documents

Operation system
requirements

e
I Personnel
I Processes

Monitoring, Formation and
measurement, and - | implementation of

compliance " preventive and

assessment corrective actions

Figure 3. Structure of the operation system for aviation radio equipment.

The operation system of aviation radio equipment as a service-type system is aimed
at ensuring the efficient execution of the flow of requests for air navigation services. This
is achieved by monitoring the condition of the constituent elements. Using the results of
monitoring, we can make preventive and corrective actions based on data processing.

The Datahub architecture for the aviation radio equipment and system governing their
operation can be represented as a set of interacting, distinct units. Operational practice
allows nine units to be identified:

- Unit for monitoring the parameters of the flow of incoming requests for air navigation
services and their associated requirements (U1);

- Unit for monitoring the level of satisfaction among consumers and stakeholders (U2);

- Unit for monitoring the objectives of the aviation enterprise (U3);

- Unit for monitoring the skills and number of maintenance staff (U4);

- Unit for monitoring the consumption of resources (U5);

- Unit for assessing the conformity of documentation (U6);

- Unit for assessing the conformity of technological processes (U7);

- Unit for monitoring the quality of functioning of ground aviation radio equip-
ment (U8);

- Unit for monitoring the implementation of efficiency measures (U9).

Let us consider the interaction between procedures and algorithms for data processing
and decision-making within individual units based on the examination of their respec-
tive functions.

The unit for monitoring the parameters of the flow of incoming requests for air naviga-
tion services and their associated requirements (U1) processes input information relating to
the needs for the intended use of ground-based aviation radio equipment. This unit imple-
ments the procedures for assessing compliance, forming appropriate databases, conducting
primary data processing, and presenting the results in a form convenient for making pre-
ventive and management decisions. The input information for Unit U1 is data regarding
the needs of consumers of air navigation services, state regulatory bodies, and international
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organisations in the field of aviation industry. At the initial stage, this information is
compared to the established requirements, defined by normative standards and regulatory
documents. During the initial data processing phase, the number of potential discrepan-
cies is determined and compared against a predetermined threshold. If the threshold is
exceeded, signals are generated to initiate preventive and managerial actions.

The unit for monitoring the level of satisfaction among consumers and stakeholders
(U2) is designed to assess the accuracy and appropriateness of the flow of incoming
requests. This unit implements the procedures for measuring diagnostic variables, assessing
compliance, evaluating parameters, and forming databases. The input information for
Unit U2 comprises data on the needs of consumers and stakeholders, the requirements of
normative standards and regulatory documents in the field of the operation of aviation
radio equipment, and statistical data on diagnostic variables of equipment and the operation
system. The assessment results form the basis for the formation and implementation of
preventive and managerial decisions.

The unit for monitoring the objectives of the aviation enterprise (U3) has a structure
identical to Unit Ul. However, the input information for this unit also includes data
from various structural divisions of the aviation enterprise concerning the implementation
of individual technological processes and procedures. The monitoring and control of
these indicators, alongside the assessment of the compliance of tasks, policies, vision,
and technological processes, are carried out to ensure their consistency with the overall
objectives of the aviation enterprise.

The unit for monitoring the skills and number of maintenance staff (U4) is designed to
determine quantitative indicators for personnel, considering the total amount of equipment
in operation, and the associated maintenance and repair work. The functioning of Unit U4 is
closely connected with the activities of educational institutions, research and development
laboratories, and manufacturing plants, where training and qualification enhancement
programmes are conducted.

The unit for monitoring consumable resources (U5) collects and processes information
on available operational assets, including buildings, the condition of premises, workplaces
for the repair of equipment components, spare parts for aviation radio equipment elements,
measuring instruments, personal computers with installed software, and other resources.
During information and data processing, this unit also solves the problems of the logistical
support of equipment components in the event of failure, including the management of
spare part inventories.

The documentation conformity assessment unit (U6) processes information derived
from normative standards and regulatory documents in the field of civil aviation. Unit
U6 also accumulates a knowledge base from open scientific sources, including articles,
conference papers, presentations, and other relevant materials.

The technological process conformity assessment unit (U7) collects information on
key performance indicators of technological processes and specific procedures related to
maintenance, repair, diagnostics, technical condition monitoring, and other processes of
the operation system. The purpose of this unit is to process relevant data for the constant
search for ways to improve aviation infrastructure. Unit U7 interacts with all preceding
units and consolidates the information received from them.

The unit for monitoring the quality of functioning of ground-based aviation radio
equipment (U8) collects and processes data obtained during the operation of aviation
radio equipment, including diagnostic variables and reliability parameters. This unit is the
most complex, incorporating the full set of algorithms presented in Figure 2. Based on the
data processing results within Unit U8, decisions are made regarding preventive mainte-
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nance, the remaining useful life of equipment, equipment decommission, the presence of
deterioration in technical condition, and other related aspects.

The efficiency monitoring unit (U9) collects processed information from Units U7
and U8 (relating to technological processes and aviation radio equipment operation) and
determines generalised efficiency indicators, including average operating costs, operational
costs per observation interval, air navigation service risks, aviation system integrity, safety
levels, and other relevant measures.

The structural diagram of the Datahub units is presented in Figure 4.
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Figure 4. Structure of the Datahub units.
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Aviation radio equipment is the main element of the operation system. The reliability
and efficiency of this equipment largely determine the overall effectiveness and quality of
air navigation services. Therefore, particular attention must be paid to Unit U8 during the
implementation of the Datahub, specifically in relation to the collection and processing of
data on reliability and diagnostic variables.

As radio equipment is subject to the influence of random external factors, its technical
condition may change over time. Under such circumstances, data trends become non-
stationary with different probability density functions or variations in their statistical
characteristics (such as expected value, variance, and standard deviation). This feature
significantly complicates the tasks of synthesis and analysis of the algorithmic support
necessary for informed decision-making within Unit U8.

The degradation processes of aviation radio equipment can occur at random moments
in time. Usually, the probability density function of the moment at which the deterioration
of the technical condition occurs is unknown. Analysis has shown that, in most recorded
cases of equipment operation, the deterioration of the technical condition can be described
by a linear model (Figure 5).
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Figure 5. Description of the degradation process.

Figure 5 illustrates two possible options for the deterioration of the technical condition:
one observed through reliability parameters (typically the failure rate) and the other one
through a diagnostic variable. In both cases, it is necessary to apply three data processing
algorithms: detection, estimation, and prediction. In the case of failure rate monitoring, it
can be assumed that the failure rate remains constant during the period of useful life and is
equal to Ag. If a degradation process occurs after the k-th observed failure of equipment,
then the failure rate trend begins to grow according to a linear model with an unknown
tangent of inclination angle u,,. When the failure rate reaches a certain threshold level, a
decision is made regarding the potential decommissioning of the equipment.

In general, statistical data processing methods can be considered for solving the
problems of detection, estimation, filtering, forecasting, heteroscedasticity analysis, and
others. Depending on the amount of a priori information, data processing methods are
divided into parametric and distribution-free. The development of data processing methods
can be performed within the framework of the classical approach with a fixed sample
size and a sequential approach with a random sample size. Depending on the studied
problem, data processing methods can have a complex nested structure and include various
interconnected components.

Usually, the problems of the synthesis and analysis of data processing methods are
considered. The synthesis problem is aimed at finding the structure of the algorithm of
actions to achieve the desired result. The analysis problem is associated with the calculation
of numerical values of efficiency indicators. Usually, a synthesis of several data processing
methods is performed, and during the analysis, the best of them is selected.

For complex data models, including those with the presence of changepoints, heuristic
approaches can be applied. Heuristic methods are based on the use of classical mathe-
matical calculations during statistical data processing, the experience of the researcher, his
successful ideas, etc.

During the synthesis of data processing methods, the following assumptions
were made:

1.  Statistical data are independent random variables.

2. For one dataset, there can be only one changepoint.

3. For one sample of aviation radio equipment, either one reliability parameter or one
diagnostic variable is monitored.

4. Processing is performed in a sliding window with a fixed sample size.

5. When the diagnostic variable crosses the operational tolerance, processing is stopped
(and a decision is made about the equipment failure).
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6. The problem of detecting a change point belongs to the class of testing a simple versus
a simple alternative.

7. During the reliability parameters processing, the distributions of operating time
between failures are known for the interval before and after the changepoint.

8. The technical condition depends on only one parameter.

During the synthesis of detection algorithms, the decisive statistic is usually found by
the functional transformation of the original statistical data. The decisive statistic is then
compared with the decision threshold to form a final conclusion.

The problem of detecting the deterioration of the technical condition, based on this
degradation model, can be solved using the Neyman-Pearson criterion. The choice of this
criterion is due to the fact that, unlike the Bayesian approach, it does not require knowledge
of a priori information about the probabilities of the hypothesis and alternatives, cost
functions, etc. For this criterion, it is assumed that the distribution of operating times
between failures t; during the useful life period follows an exponential distribution, while
during the wear-out phase, it follows a truncated Weibull distribution. Such distributions
(exponential and Weibull) can be determined using the basic reliability equation for the
cases of constant failure rate and changed failure rate according to the linear model. The
decisive statistics in this algorithm are determined from the equation of the likelihood ratio.
However, all possible moments of failure should be taken into account. Then, the decisive
statistics can be represented as follows:

Ao+ Ut 2
A(t;, k) = max T e 05ugt ), 2
(1) ke[lm]g( - ©

where 7 is the sample size.

The decision regarding the presence of a degradation process in the failure rate trend
is made by comparing the decisive statistics (2) with the decision-making threshold Tp.
If A(t;, k) > Tpp, then the presence of a degradation process is confirmed. Otherwise, the
radio equipment continues to be operated during its useful life period.

Detailed mathematical calculations regarding the synthesis of the changepoint de-
tection procedure are given in the papers [24,64]. The validation and analysis of the
effectiveness of the specified procedure were carried out both theoretically (verification of
the conditions for the normalisation of the probability density function, dimensions, etc.)
and by statistical simulation.

To determine the possible moment for the decommissioning of aviation radio equip-
ment, it is necessary to solve the problem of model parameter estimation. The simplest
method in this case is the maximum likelihood method, when the likelihood function and
its partial derivatives with respect to the unknown parameters should be found. By solving
the resulting equations, an estimate of the moment of occurrence of the changepoint is
obtained in the following form:

nA ti
k* = argmaxH(meo'Mthz). (3)
ke[ln] i=k Ao

After that, based on the same likelihood function, the model parameters—namely
the failure rate during the useful life period and the tangent of the inclination angle of the
linear trend of the changepoint—can be refined, which will take the form

k*—1

A= 4)
Zi'(:ll ti
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In the case of the processing of diagnostic variables, this study used the method of
constructing segmented regression models described in [68]. The use of this model allowed
the simultaneous solution of the problems of changepoint detection and model parameter
estimation. The regression model is built within a sliding window of size ngy. Within each
such window, the data are approximated using an equation of the following form:

x(t) = ag+at +ax(t — tep) h(t — tep), (6)

where a, a1, and a; are model parameters estimated by the least squares method, h(t) is
Heaviside function, and t.p is a possible moment of changepoint occurrence.

The estimation of the moment of changepoint occurrence is carried out using the
optimisation paraboloid method, as described in [68]. To establish the occurrence of a
failure, Fisher’s test was used to check the significance of the model parameters a; and
a;. Following the identification and estimation of these parameters, it becomes possible to
predict the moment of equipment failure using the following equation:

Tr —ag+ O.Snswaz _
ai +a

tpr = to + ( nsw + 1) A, (7)
where f is the time corresponding to the start of the sliding window; T is the operational
tolerance, the crossing of which by a diagnostic variable indicates the occurrence of a failure;
and A is the sampling interval.

Therefore, in this article, a heuristic approach was used to solve the problem of the
synthesis of the data processing procedure. This approach included the following set
of data processing methods: detecting the fact of a possible changepoint, estimating the
parameters of the process model after the changepoint, and predicting the future trend of
the reliability parameters or diagnostic variable. In this case, the processing procedures
were performed in a sliding window to reduce inertia during decision-making.

So the overall structure of the algorithmic support for Unit U8 is presented in Figure 6.
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Figure 6. Algorithmic support structure of the equipment monitoring Unit U8.

4. Results and Discussions

In this section, we will analyse the effectiveness of the Datahub. To carry this out,
we will use statistical simulation. One of the tasks of this article is a theoretical study of
the efficiency of the proposed approach to data processing in the case of the changepoint.
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Due to the war in Ukraine, it is difficult to access real datasets today. This is explained by
the fact that some of the aviation radio equipment is destroyed, some of the equipment is
in a state of downtime with the power sources turned off, and some is used for military
purposes. That is, the data is either unavailable or confidential. Therefore, this study uses
synthetically generated data (Tables A1 and A2) that can be used during theoretical analysis.
The statistical distributions of reliability parameters and diagnostic variables in the case of
changepoint absence correspond to generally accepted reliability models. In the case of
changepoint presence, the authors used newly proposed models.

As was previously mentioned, the main element of the operation and maintenance
system is aviation radio equipment; therefore, our focus is directed towards the operation
of Unit U8, responsible for equipment condition monitoring.

During the simulation, we wanted to confirm the hypothesis that the efficiency of the
aviation radio equipment operation system increases when modern methods of operational
data processing are applied. At the same time, the statistical simulation was limited to
the level of the operational unit within the aviation enterprise, where the main operation
process—the utilisation of equipment for its functional purpose—is performed.

The structure of the initial data and the efficiency measures used for the statistical
simulation are presented in Figure 7.
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radio equipment N " |for reliability parameter monitoring Np | n Simulation model
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Figure 7. Initial data and efficiency measures for statistical simulation.
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The initial parameters of the simulation model are structured according to seven
features. These include data on the number of equipment units, cost and time param-
eters, failure model parameters, diagnostic variable model parameters, and simulation
process parameters.

The operational cost per observation interval and the efficiency improvement coef-
ficient were selected as the efficiency indicators. The operational cost per observation
interval can be calculated using the following equation:

E(Cs./Tops) = prERY) (Cs/ Tops) + p2EPY)(Cx/ Tops), ®)

where ERP) (Cs/ Tops) is the average specific operational cost for aviation radio equipment
with reliability parameter monitoring, E(PV) (Cs/Tops) is the average specific operational
cost for aviation radio equipment with diagnostic variable monitoring, and p; and p; are
the probabilities of choosing aviation radio equipment reliability parameter monitoring
and diagnostic variable monitoring, respectively:
P1:%r PZZ%, Ngp + Npy = N. )
The efficiency improvement coefficient indicates the extent to which the average
operational costs per observation interval can be reduced through the use of the algorithmic
support provided by Unit U8 within the Datahub. This coefficient can be expressed by the
following ratio:

B E(CZ/TObS)(without processing) E(CZ/TObs)

Krr - -
E(CZ/TObS)(wlthout processing)

/ (10)

where E(Cy/ Toy, ) @ithout processing) represents the average operational cost per observation
interval in the case of the absence of statistical data processing by Unit 8 within the Datahub.

In the case of Formula (10) usage, two aspects of reliability models” utilisation are
considered.

1.  Diagnostic variables processing.

The case of E(Cy./ Tops) “/H0Ut Pocessing) cajcylation corresponds to the traditional reli-
ability model during maintenance and repair. Such a model is considered in the context of
a known scheduled maintenance approach. In this case, there is an operational tolerance,
whose intersection with the diagnostic variable leads to the occurrence of a failure. After a
certain time interval, scheduled maintenance is performed. In the event of failure, current re-
pair procedures are carried out. In Formula (10), the parameter E(Cy. / Top, ) “/Hout processing)
determines the average operational cost according to the traditional reliability and mainte-
nance model.

For the proposed approach to data processing, an improved model of preventive main-
tenance is implemented. At the same time, using Formula (7), we can predict the moment
of occurrence of a possible failure. To eliminate it, preventive maintenance (adjustment,
regulation, replacement of the unit, etc.) is carried out at the time immediately before the
predicted failure time.

2. Reliability parameters processing.
The case of E(Cyg /Tops) WUt Processing) caleulation corresponds to the traditional

reliability model for determining the remaining useful life, which is regulated by normative
documents in the field of civil aviation [72]. This model has significant inertia and does
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not optimally take into account the real resources of the equipment in the event of the

deterioration of the technical condition.

For the proposed approach to data processing, the detection, evaluation, and predic-
tion procedures are performed in a sliding window taking into account the changepoint
model and a possible trend. This approach allows for a timely assessment of the residual
resource and decommission of equipment that is not suitable for performing its functions.

The flowchart of the statistical simulation procedure is shown in Figure 8. The software

was developed according to this scheme. This program enables the rapid modification of

all initial parameters shown in Figure 7.
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Figure 8. Flowchart of statistical simulation.

Let us consider the key features of statistical simulation. In the case of studying
data processing procedures for reliability parameters, we generated datasets consisting of
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two parts. The first part contains information about the operating time between failures,
following the exponential distribution. The failure rate parameter remains constant for the
entire population but varies in value for different types of aviation radio equipment. The
specific failure rate value for each type of radio equipment is determined by operational
documentation. The second part of the dataset contains either identically distributed
random variables (for the case where no degradation process occurs) or variables following
a different distribution according to the linear model of failure rate change during the
deterioration of the technical condition of the equipment. The moment marking the start
of the degradation process is a random variable. In the programme, this random moment
of degradation process initiation is generated by producing a uniformly or normally
distributed random number, which is then rounded to the integer part.

In the case of studying data processing procedures for diagnostic variables, the process
is carried out by forming a mixture of a deterministic component (a constant signal level
or piecewise linear signal form) and noise with an expected value of zero. A normal
distribution with a specified standard deviation was chosen as the noise component. Trends
in changes in diagnostic variables are presented in discrete observations with a defined
sampling interval.

For the generated datasets on operating time between failures, the calculation of
the decisive statistics is performed according to Formula (2). During the processing of
diagnostic variables, the segmented regression model (6) is constructed within a sliding
window. After that, Fisher’s test parameter is calculated. The next stage of the simulation
involves the calculation of decision thresholds for changepoint detection in the trend of
the reliability parameter and determination of the optimal preventive threshold during the
analysis of the diagnostic variable.

In the case of the correct detection of the deterioration of technical conditions during
reliability parameters monitoring, the decision-making time moment is calculated for each
radio equipment sample.

In the final step of the statistical simulation, estimates of the average operational costs
(8) per observation interval and the efficiency improvement coefficient (10) were determined.
To enable visual analysis, the results of statistical simulation are presented graphically.

Let us consider an example of statistical simulation using specific numerical values of
the initial parameters, as presented in Figure 7:

- Parameters that characterise the number of aviation radio equipment: Nrp = 5,
Npy = 5;

- Operational costs parameters: Cy; = 30 USD, Cr = 600 USD, Cp = 0.02 USD,
CND = CFA =5 USD,'

- time parameters that characterise duration of operational processes: Tyy = 12 h,
Tr = 48 h, Tpps = 100,000 h;

- Failure rates for five different types of aviation radio equipment: A; = 0.0022 hours™ !,
Ay = 0.002 hours ™!, A3 = 0.0015 hours ™!, A4 = 0.0019 hours ™!, A5 = 0.003 hours™';

- Parameters of the model for diagnostic variable: xp =220V, s =4V, Toup =275V,
Tor =175V;

- Parameters of the degradation model: f., and k are uniformly distributed random
variables, 1., is normal distributed random variable;

- Parameters of the simulation model: M = 100, & = 0.005, ngyy = 50.

It should be noted that Figure 7 shows more than 20 input parameters, which are
classified into seven groups. The choice of the numerical values of these parameters refers
to the technologies of experiment planning. In this case, the range of parameter variation
can be quite wide. For example, the distribution of the moment of changepoint occurrence
can be arbitrary. This feature does not in any way affect the data processing procedure or
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the final result, since the decisive statistics do not depend on the model of this distribution
(Formulas (2)—(5) during the reliability data processing and the formula of the model
(6) during the diagnostic variable processing). In this study, the authors chose uniform
and normal distribution laws of the corresponding model, although in fact there are no
restrictions on the types of distribution.

The choice of specific numerical values of parameters during statistical simulation was
carried out by taking into account logical conclusions, experience in equipment operation,
and the inertia of processing and decision-making. For example, the size of the sliding
window for processing should not be too small so that the processed sample is sufficient
to form a reliable decision. On the other hand, a large sample size will lead to a delay
in forming a decision. Therefore, the size of the sliding window was determined from
this compromise.

An example of the generated dataset is shown in Appendix A.

The probability density functions of the average operational cost per observation
interval and the efficiency improvement coefficient for the case of reliability monitoring are
shown in Figures 9 and 10, respectively. The corresponding functions have asymmetry and
cannot be described using normal distribution.

0.4
Case of reliability monitoring

0.3

0.2

0.1

The probability density function

0 2 4 6

The average operational cost per observation interval

Figure 9. The probability density function of average operational cost per observation interval (case
of reliability monitoring).

The range of variations for the efficiency improvement coefficient is [0.051;0.714].
Thus, the advantage gained from reliability data processing in the Unit U8 lies between
5.1% and 71.4%. The expected value of the efficiency improvement coefficient is 30.4% with
a standard deviation of 14%.

The correlation between the average operational cost per observation interval and
the efficiency improvement coefficient (in the case of reliability monitoring) is shown in
Figure 11. A negative correlation is observed, with a corresponding correlation coefficient
reor = —0.886. This dependence can be approximated by a second-order parabola, taking
heteroscedasticity into account.

Figure 12 shows the dependence of the efficiency improvement coefficient from the
failure number corresponding to the decision-making point regarding the presence of
degradation. The delay in decision-making concerning the detection of the degradation
process is approximately equal to eight failures. In this case, it is also assumed that the
moment of the deterioration of technical conditions is within the range of 20 to 40 observed
failures. As illustrated in Figure 12, the advantage of data-driven decision-making increases
over time following the occurrence of degradation.
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Figure 10. The probability density function of the efficiency improvement coefficient (case of reliabil-
ity monitoring).

0.5
Case of reliability monitoring
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Figure 11. The correlation between the average operational cost per observation interval and the
efficiency improvement coefficient (case of reliability monitoring).
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Figure 12. Dependence of the efficiency improvement coefficient from the failure number correspond-
ing to the decision-making regarding degradation (case of reliability monitoring).
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The probability density functions of the average operational cost per observation
interval and the efficiency improvement coefficient for the case of diagnostic variable
monitoring are shown in Figures 13 and 14, correspondingly.

LU

ase of diagnostic variable monitoring

The probability density function

0
0.238 0.24 0.242 0.244 0.246 0.248 025
The average operational cost per observation interval

Figure 13. The probability density function of the average operational cost per observation interval
(case of diagnostic variable monitoring).

100
Case of diaénostic variable mohitoring

80)

60

40)

20]

The probability density function

0.43 0.44 0.43
The coefficient of efficiency improvement

Figure 14. The probability density function of the efficiency improvement coefficient (case of diagnos-
tic variable monitoring).

For this case of processing, the variation range for the efficiency improvement coeffi-
cient is [0.429;0.453]. Thus, the advantage gained from diagnostic variable processing in
Unit U8 lies between 42.9% and 45.3%. The expected value of the efficiency improvement
coefficient is 44.4%, with a standard deviation of 0.452%. It can be observed that the range
of variation of the efficiency improvement coefficient in the case of diagnostic variable
processing is significantly smaller than in the previous processing option.

Figure 15 shows the dependence between the efficiency improvement coefficient and
maintenance cost in the case of diagnostic variable monitoring. It can be observed that there
is an inverse proportional relationship: higher maintenance costs correspond to smaller
efficiency improvements. In the case where the cost of maintenance is approximately equal
to the cost of repairs, the efficiency improvement coefficient will be zero.
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Case of diagnostic variable monitoring
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Figure 15. Dependence between the efficiency improvement and maintenance cost (case of diagnostic
variable monitoring).

The probability density functions of the efficiency improvement coefficient for different
numbers of aviation radio equipment units are shown in Figure 16. It can be observed
that, as the amount of equipment with reliability monitoring increases, the form of the
distribution tends toward normality.

NRP=3

The probability density function

o
1S

0.3 0.4 0.5 0.2 0.3 0.4 0.5
The coefficient of efficiency improvement The coefficient of efficiency improvement
a b

Ngp=10

The probability density function

(()).2 0.3 0.4 0.5 0.6 %.2 0.3 0.4 0.5 0.6
The coefficient of efficiency improvement The coefficient of efficiency improvement
c d

Figure 16. The probability density function of the efficiency improvement coefficient for different
numbers of aviation radio equipment units: (a) Nrp = 3; (b) Nrp = 5; (¢) Nrp = 7; (d) Ngp = 10.
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The results of the calculation of statistical characteristics of the efficiency improve-
ment coefficient for different numbers of aviation radio equipment units with reliability
monitoring are shown in Table 1.

Table 1. Statistical characteristics of the efficiency improvement coefficient for different numbers of
aviation radio equipment units with reliability monitoring.

Parameter NRp=3 NRp=5 NRP=7 NRp=10
minimum 0.271 0.259 0.242 0.237
maximum 0.552 0.593 0.630 0.607
mean 0.365 0.372 0.410 0.412
deviation 0.056 0.065 0.064 0.067

According to the data in Table 1, the average improvement in efficiency ranges from
36.5% to 41.2%. The efficiency improvement coefficient increases as the number of aviation
radio equipment units with reliability data processing increases. This is explained by the
fact that the contribution of the partial efficiency indicator E (RP) (Cs/Tops) also increases,
which, for the established numerical values of the initial parameters, turned out to be
greater than EDY)(Cs/ Tops).

To validate the results of statistical simulation, the simulation procedure was generally
carried out for different numbers of iterations, namely 100, 1000, 10,000, 50,000, 100,000
and other constant initial parameters. At the same time, the simulation results differed
within the permissible deviations. In particular, for the expected value of the efficiency
improvement coefficient, the deviation was at the level of 0.673%.

As it can be seen, the introduction of Unit U8 provides a significant improvement in
efficiency (in terms of operational costs per observation interval) and is therefore justified
for use in the operational practice.

Overall, it should be mentioned that the process of the simulation of the Datahub
functioning with all nine units can be considered as the object of separate research.

5. Conclusions

The article is devoted to the study of the features of the sustainable development of
civil aviation in terms of the implementation of methods for statistical data processing in
the case of the deterioration of the technical condition of equipment. The main attention is
paid to aviation radio equipment and its operation systems.

The scientific novelty of the article lies in the fact that the authors considered trend
models of diagnostic variables and reliability parameters in the form of non-stationary pro-
cesses with changepoints. This approach is more appropriate for the real-world operation of
aviation radio equipment, although it is more complex in terms of the analytical efficiency
analysis. In contrast to the known results, the authors developed an original heuristic
algorithm. This algorithm, in the case of changepoint presence, includes a combination of
methods for detecting changepoint, estimating model parameters after the changepoint,
and predicting possible failures or equipment decommission. The authors conducted a
comparative analysis of two options for initial data processing, taking into account and
not taking into account the presence of the changepoint. The analysis showed that per-
forming complex data processing is appropriate from the point of view of minimising
operating costs.

A positive feature of this study is the comparative analysis of the efficiency of different
statistical data processing approaches for diagnostic variables and reliability parameters
across a set of aviation radio equipment. The analysis showed that for the specified
numerical values of the initial parameters, the efficiency improvement coefficient ranged
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from 36.5% to 41.2%. Furthermore, improvements were observed in both cases: the
processing of reliability parameters (an average improvement of 30.4%) and the processing
of diagnostic variables (an average improvement of 44.4%).

The practical significance of the results obtained is the possibility of reducing opera-
tional costs by forming and implementing corrective and preventive actions (preventive
maintenance) aimed at eliminating possible failures and malfunctions of aviation radio
equipment. In addition, the results can be applied in other industries as a component of
sustainable development.

Thus, the results obtained in this article can be considered in terms of at least three
aspects of the sustainable development of civil aviation: flight safety, economic efficiency,
and environmental protection. In terms of flight safety, the application of the proposed data
processing methods reduces the risks of failures and malfunctions of equipment, which is
critical to ensuring flight activities. In terms of economic efficiency, improving maintenance
technologies helps reduce operational costs associated with expensive repair work. In
terms of environmental protection, the proposed data processing methods can be extended
to aviation systems (aviation engines, secondary power sources, and others), the operation
of which is accompanied by additional emissions of hazardous substances into the environ-
ment and high noise levels in the event of the deterioration of their technical condition.

In accordance with the system approach, this study emphasises the use of the Datahub
as a basis for collecting and processing data on all elements of the operation system.
The proposed Datahub structure will enable the qualitative solution of the problems
of the synthesis and efficiency analysis of algorithmic support. The proposed Datahub
structure involves collecting information from all aviation entities in Ukraine, processing
data to identify weaknesses and inconsistencies, and formulating recommendations for
management with the appropriate authority and resources. Particular attention should
be paid to the war-affected regions of Ukraine. The implementation of the proposed
Datahub structure in these regions is appropriate in terms of identifying the actual state
of the elements of the air navigation service system and identifying areas for further
improvement, taking into account available resources. The implementation of the Datahub
will allow comprehensive consideration of the requirements and recommendations of
international organisations, in particular Eurocontrol and ICAQO.

The authors conclude that the process of analyzing the Datahub functioning can be
considered as a separate object of future research.

In the context of the radical renewal of operation systems and aviation radio equip-
ment in Ukraine, it is important to create a harmonious structure for interaction between
state regulatory bodies, operating enterprises, and research and development centres and
groups. The purpose of such collaboration is to systematically integrate resources, define
current tasks for all participants, and expedite both decision-making and implementation.
Additionally, an urgent area for future research is the rational distribution of monitoring
and control functions, taking into account the comprehensive coverage of all components
of the operation systems for aviation radio equipment.
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Appendix A

Examples of generated datasets (reliability parameters and diagnostic variables) for
one iteration of the simulation are given in Tables A1 and A2.

Table A1l. Example of the dataset for one iteration of simulation (reliability parameters).

Equipment Number

Data on Operating Time Between Failures, Hours

3171 782.568 255.301 499.496 92.855 832.361 162.758 567.035 1140 911.997
1504 1010 2252 300.83 241.852 854.412 379.411 1361 116.293 311.507
1 63.06 21.477 294.003 367.634 70.593 59.262 164 117.108 315.108 41.479
232.987 92.811 1126 306.61 126.471 42.192 172.321 70.495 185.938 70.274
122.006 73.305 132.838 449.236 203.638 157.019 68.008 423.305 168.931 85.007
358.346 1621 362.613 64.158 356.968 749.03 132.211 12.855 192.78 316.312
137.871 449.536 147.657 8.069 175.595 1848 953.859 1166 505.41 256.788
2 11.075 1259 355.011 248.765 197.632 176.022 396.423 38.493 14.924 441.817
261.199 771.846 37.605 238.841 155.782 623.569 58.716 450.942 140.584 60.829
123.534 637.448 12.923 81.909 2.407 136.622 222.478 37.753 54.834 21.595
75.686 174.426 745.79 705.677 748.789 110.811 748.761 18.743 168.247 1513
939.701 419.417 463.653 502.872 187.767 4223 1055 428.121 7.659 164.763
3 184.8 1088 1369 667.941 19.041 246.17 965.24 154.855 623.49 128.69
159.487 275.13 876.406 820.788 253.145 30.911 946.826 557.534 238.59 187.593
289.577 365.511 420.217 257.788 339.295 726.817 517.498 21.683 603.508 766.6
975.643 120.845 364.47 471.235 500.776 351.643 122.843 820.661 278.333 770.195
563.902 1373 53.543 887.087 34.801 312.684 1481 16.885 1148 485.474
4 914.82 757.224 219.772 148.795 356.518 54.016 1964 69.355 304.332 74.677
110.756 787.412 92.32 12.011 125.367 342.397 599.341 57.782 349.363 110.756
77.194 24.697 44.069 210.978 21.919 121 81.222 6.838 621.218 429.288
73.488 151.961 104.203 333.941 1031 543.849 909.185 237.431 317.008 39.097
106.086 25.476 184.5 807.122 459.907 206.447 85.636 151.871 1426 67.286
5 12.105 45.861 456.446 803.398 37.063 331.395 385.11 44.576 55.039 134.272
51.12 10.756 277.301 580.173 90.411 61.875 114.787 204.547 9.954 334.15
415 466.259 289.451 20.886 343 126.724 33.673 252.31 137.216 67.246

Table A2. Example of thedataset for one iteration of simulation (diagnostic variables).

Equipment Number

Voltage of Power Supply, Volts

217.5 216.4 2178 2163 2305 2234 2251 2119 220.8  226.1
215.3 215.5 222 223.1 220.8  223.6 2245 2159 2165 2131
1 220.6 215.5 220.1 213.6 215 2212 2158 215 2172 2135
219.9 217.6 2187 2139 2171 206.7 2109 206.5 202.8  204.8
199.8 206.4 2104 2069 2044  195.8 194.3 197.9 1984  200.5
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Table A2. Cont.

Equipment Number Voltage of Power Supply, Volts

220.8 2194 2213 2204 2213 2251 2274 221.3 217.3  217.6
215.5 222 2249 2202 2243 2257 2184 213.8 2182 2257
2 224 2229 220 209.7 2241 221 220 218.9 220.1 210.1
211.3 210.8 208.3 1979  205.1 202.7  198.6 193.1 204.2 196.3
191.9 197.7 191.2 189.2 191.3 193.9 188.1 190.4 187.1 178.5

2241 2224 2202 2244 2243 2182 2183 214.9 221 222.7
214.8 218.2 2224 2193 222 2171 220.4 217.4 2242  219.2
3 210.5 228.2 2217 2209 2194 2229 2221 2259 216.7 2217
228.5 218.6 2185 2179  219.8 221 216.2 226.3 2241 225.5
224.3 221.2 219 219 218.8 219.6  230.2 217.2 216.6 2242

218.9 222.6 2137 2211 209 2191  209.7 217 2284  227.6
216 211.9 2237  216.8  220.2 224 221.7 225.5 2184 2175
4 218.7 227.5 224.3 226 2144 2149 2198 214.1 220 216
220.9 218.5 219.1 215.6 2246 2241 218.7 213.1 2169 2139
208.9 209.5 212.8  210.8 214 2147  208.6 200.5 204 202.9

226 217.3 2245 2238 2196 2202 2248 218.6 2185 2169
223.6 218.1 2255 2177 2187 2146 2199 223.6 221.3 213
5 223 215.7 2084 2294 2148 2172 223 219.5 221.1 215.1
218.9 215.3 213.8 2128 2208 219.8 2126 214.2 210.5 209
216.8 215.7 208.6 2155 2072 2156 @ 216.2 209.1 203.1 214.3

References

10.
11.

12.

13.

14.
15.

Maleviti, E. Fundamentals of Sustainable Aviation; Routledge: London, UK, 2023; 172p.

Goncharenko, A. Aircraft operation depending upon the uncertainty of maintenance alternatives. Aviation 2017, 21, 126-131.
[CrossRef]

Shakhatreh, H.; Sawalmeh, A.; Al-Faqaha, A.; Dou, Z.; Almaita, E.; Khalil, I.; Othman, N.S.; Khreishah, A.; Guizani, M. Unmanned
aerial vehicles (UAVs): A survey on civil applications and key research challenges. IEEE Access 2019, 7, 48572—48634. [CrossRef]
Solomentsev, O.; Zaliskyi, M.; Holubnychyi, O.; Ostroumoyv, I.; Sushchenko, O.; Bezkorovainyi, Y.; Averyanova, Y.; Ivannikova, V.;
Kuznetsov, B.; Bovdui, L; et al. Efficiency analysis of current repair procedures for aviation radio equipment. In Proceedings of the
2nd International Workshop on Advances in Civil Aviation Systems Development. ACASD 2024. Lecture Notes in Networks and Systems;
Ostroumov, L., Zaliskyi, M., Eds.; Springer: Cham, Switzerland, 2024; Volume 992, pp. 281-295.

Li, D.; Yao, A.; Feng, K.; Zhou, H.; Wang, R.; Cheng, M.; Li, H.; Wang, D.; Ding, S. Next frontiers of aviation safety: System-of-
systems safety. Engineering 2025, in press. [CrossRef]

Kearns, S.K. Fundamentals of International Aviation; Routledge: London, UK, 2021; 504p.

Holubnychyi, O.; Zaliskyi, M.; Ostroumov, L.; Sushchenko, O.; Solomentsev, O.; Averyanova, Y.; Bezkorovainyi, Y.; Sokolova,
O.; Voliansky, R.; Bovdui, I; et al. Self-organization technique with a norm transformation based filtering for sustainable
infocommunications within CNS/ATM systems. In Proceedings of the 2nd International Workshop on Advances in Civil Aviation
Systems Development. ACASD 2024. Lecture Notes in Networks and Systems; Ostroumov, 1., Zaliskyi, M., Eds.; Springer: Cham,
Switzerland, 2024; Volume 992, pp. 262-278.

Cusick, S.K.; Cortes, A.L; Rodrigues, C.C. Commercial Aviation Safety, 6th ed.; McGraw-Hill Education: New York, NY, USA,
2017; 696p.

Meijer, G. Fundamentals of Aviation Operations; Routledge: London, UK, 2021; 220p.

Karakoc, T.H.; Colpan, C.O.; Dalkiran, A. New Frontiers in Sustainable Aviation; Springer: Cham, Switzerland, 2023; 207p.
Zaliskyi, M.; Solomentsev, O.; Holubnychyi, O.; Ostroumov, I.; Sushchenko, O.; Averyanova, Y.; Bezkorovainyi, Y.; Chered-
nichenko, K.; Sokolova, O.; Ivannikova, V.; et al. Methodology for substantiating the infrastructure of aviation radio equipment
repair centers. CEUR Workshop Proc. 2024, 3732, 136-148.

Poberezhna, Z.; Petrova, Y.; Slimani, K. Information technologies in logistics processes of enterprises in the aviation industry.
CEUR Workshop Proc. 2024, 3732, 90-102.

Anand, A.; Ram, M. System Reliability Management: Solutions and Techniques; CRC Press: Boca Raton, FL, USA, 2021; 276p.
Dhillon, B.S. Maintainability, Maintenance, and Reliability for Engineers; Taylor & Francis: Boca Raton, FL, USA, 2006; 214p.
Modarres, M.; Groth, K. Reliability and Risk Analysis; Routledge: London, UK, 2023; 480p.


https://doi.org/10.3846/16487788.2017.1415227
https://doi.org/10.1109/ACCESS.2019.2909530
https://doi.org/10.1016/j.eng.2025.01.002

Sustainability 2025, 17, 5781 31 of 33

16.

17.

18.

19.

20.
21.
22.

23.

24.
25.
26.
27.

28.
29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.
43.

Smith, D.]. Reliability, Maintainability and Risk. Practical Methods for Engineers, 10th ed.; Butterworth-Heinemann: Oxford, UK,
2021; 494p.

Ostroumov, I; Ivannikova, V.; Kuzmenko, N.; Zaliskyi, M. Impact analysis of Russian-Ukrainian war on airspace. J. Air Transp.
Manag. 2025, 124, 102742. [CrossRef]

Chu, C.; Zhang, H.; Zhang, J.; Cong, L.; Lu, E. Assessing impacts of the Russia-Ukraine conflict on global air transportation: From
the view of mass flight trajectories. J. Air Transp. Manag. 2024, 115, 102522. [CrossRef]

Ostroumov, I; Ivannikova, V.; Kuzmenko, N.; Zaliskyi, M. Evolution of European air traffic from 2022 onwards. In Proceedings of
the TRANSBALTICA XV: Transportation Science and Technology. TRANSBALTICA 2024. Lecture Notes in Intelligent Transportation
and Infrastructure; Prentkovskis, O., Yatskiv (Jackiva), I., Ska¢kauskas, P., Karpenko, M., Stosiak, M., Eds.; Springer: Cham,
Switzerland, 2025; Part F230; pp. 238-249.

Gallo, M.A.; Wheeler, B.E; Silver, LM. Fundamentals of Statistics for Aviation Research; Routledge: London, UK, 2023; 366p.
Srivastava, M.K.; Khan, A.H.; Srivastava, N. Statistical Inference: Theory of Estimation; PHI Learning: Delhi, India, 2014; 808p.
Smerichevskyi, S.; Poberezhna, Z.; Mykhalchenko, O.; Petrova, Y.; Smilyanets, V. Ensuring the sustainable development of the
aviation enterprise in the context of forming innovative potential using digital technologies. CEUR Workshop Proc. 2024, 3732,
174-185.

Prokopenko, I. Nonparametric change point detection algorithms in the monitoring data. In Advances in Computer Science for
Engineering and Education IV. ICCSEEA 2021. Lecture Notes on Data Engineering and Communications Technologies; Hu, Z., Petoukhov,
S., Dychka, I., He, M., Eds.; Springer: Cham, Switzerland, 2021; Volume 83, pp. 347-360.

Solomentsev, O.; Zaliskyi, M.; Nemyrovets, Y.; Asanov, M. Signal processing in case of radio equipment technical state deteriora-
tion. In Proceedings of the Signal Processing Symposium 2015 (SPS 2015), Debe, Poland, 10-12 June 2015; pp. 1-5.

Poberezhna, Z. Comprehensive assessment of the airlines” competitiveness. Econ. Ann.-XXI 2017, 167, 32-36. [CrossRef]

Raza, A.; Ulansky, V. Through-life maintenance cost of digital avionics. Appl. Sci. 2021, 11, 715. [CrossRef]

Karakoc, T.H.; Kosti¢, I.A.; Grbovi¢, A.; Svorcan, J.; Dalkiran, A.; Ercan, A.H.; Pekovié, O.M. Novel Techniques in Maintenance,
Repair, and Overhaul; Springer: Cham, Switzerland, 2023; 456p.

Ayers, ].B. Handbook of Supply Chain Management; Taylor & Francis: Boca Raton, FL, USA, 2001; 460p.

Jardine, A.K.S.; Tsang, A.H.C. Maintenance, Replacement, and Reliability: Theory and Applications; CRC Press: Boca Raton, FL, USA,
2021; 420p.

Zuiev, O. Questions of communication, navigation and surveillance modern means exploitation systems improvement. In
Proceedings of the First International Scientific-Practical Conference Problems of Infocommunications Science and Technology,
Kharkov, Ukraine, 14-17 October 2014; pp. 99-101.

Lian, X. Application prospects of new information technology in aviation maintenance industry. In Proceedings of the 7th
International Symposium on Mechatronics and Industrial Informatics (ISMII), Zhuhai, China, 22-24 January 2021; pp. 288-291.
Kabashkin, I.; Fedorov, R.; Perekrestov, V. Decision-making framework for aviation safety in predictive maintenance strategies.
Appl. Sci. 2025, 15, 1626. [CrossRef]

Andre, J. Industry 4.0: Paradoxes and Conflicts; Wiley: Hoboken, NJ, USA, 2019; 368p.

European Commission; Directorate-General for Mobility and Transport; Directorate-General for Research and Innovation.
Flightpath 2050: Europe’s Vision for Aviation: Maintaining Global Leadership and Serving Society’s Needs. Publications Office:
Brussels, Belgium, 2011.

Hizarci, H.; Arifoglu, U. Challenges with the electrification of aircraft for a sustainable and greener aviation. Int. ]. Sustain. Aviat.
2023, 9, 58-72. [CrossRef]

Raoofi, T; Olgen, O. The legal attitudes of continental aviation toward sustainable aircraft technologies and airport infrastructures.
Int. |. Sustain. Aviat. 2024, 10, 124-141. [CrossRef]

Calvet, L. Towards environmentally sustainable aviation: A review on operational optimization. Future Transp. 2024, 4, 518-547.
[CrossRef]

Stiebe, M. Stakeholder perceptions on sustainability challenges and innovations in general aviation. Sustainability 2023, 15, 16505.
[CrossRef]

Raimundo, R.J.; Baltazar, M.E.; Cruz, S.P. Sustainability in the airports ecosystem: A literature review. Sustainability 2023, 15, 12325.
[CrossRef]

Drljaca, M.; Stimac, 1; Vidovi¢, A.; Petar, S. Sustainability of the air cargo handling process in the context of safety and
environmental aspects. J. Adv. Transp. 2020, 2020, 1232846. [CrossRef]

Ferreira, D.; Baltazar, M.E.; Santos, L. Developing a comprehensive framework for assessing airports” environmental sustainability.
Sustainability 2024, 16, 6651. [CrossRef]

Davydenko, I.; Hilbers, H. Decarbonization paths for the Dutch aviation sector. Sustainability 2024, 16, 950. [CrossRef]

Song, K.H.; Choi, S.; Han, I.H. Competitiveness evaluation methodology for aviation industry sustainability using network DEA.
Sustainability 2020, 12, 10323. [CrossRef]


https://doi.org/10.1016/j.jairtraman.2025.102742
https://doi.org/10.1016/j.jairtraman.2023.102522
https://doi.org/10.21003/ea.V167-07
https://doi.org/10.3390/app11020715
https://doi.org/10.3390/app15031626
https://doi.org/10.1504/IJSA.2023.127484
https://doi.org/10.1504/IJSA.2024.138696
https://doi.org/10.3390/futuretransp4020025
https://doi.org/10.3390/su152316505
https://doi.org/10.3390/su151612325
https://doi.org/10.1155/2020/1232846
https://doi.org/10.3390/su16156651
https://doi.org/10.3390/su16030950
https://doi.org/10.3390/su122410323

Sustainability 2025, 17, 5781 32 of 33

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.
70.

Sanchez de Almeida Prado, L.A.; Coskun, S.; Cadene, A.-L.; Antelo Reguengo, R.A.; Carter, ].; Ito, K.; Park, M.; Zorba, V.
Surface-tailoring and morphology control as strategies for sustainable development in transport sector. Aerospace 2025, 12, 301.
[CrossRef]

Ulansky, V.; Raza, A. A historical survey of corrective and preventive maintenance models with imperfect inspections: Cases of
constant and non-constant probabilities of decision making. Aerospace 2024, 11, 92. [CrossRef]

Uslu, N.S.; Biiytiklii, A.H. The dynamics of the profit margin in a component maintenance, repair, and overhaul (MRO) within
the aviation industry: An analytical approach using gradient boosting, variable clustering, and the GINI index. Sustainability
2024, 16, 6470. [CrossRef]

Pacaiova, H.; Korba, P; Hovanec, M.; Galanda, J.; Svab, P; Lukat, J. Use of simulation tools for optimization of the time duration
of winter maintenance activities at airports. Sustainability 2021, 13, 1095. [CrossRef]

Kabashkin, I; Perekrestov, V.; Tyncherov, T.; Shoshin, L.; Susanin, V. Framework for integration of health monitoring systems in
life cycle management for aviation sustainability and cost efficiency. Sustainability 2024, 16, 6154. [CrossRef]

Smejkalovéd, V.; éomplék, R.; Rosecky, M; Sramkova, K. Machine learning method for changepoint detection in short time series
data. Mach. Learn. Knowl. Extr. 2023, 5, 1407-1432. [CrossRef]

Tian, F.; Qi, Y.; Wang, Y.; Tian, B. Study of change-point detection and applications based on several statistical methods. Symmetry
2025, 17, 302. [CrossRef]

Suryasentana, S.K.; Sheil, B.B.; Lawler, M. Assessment of Bayesian changepoint detection methods for soil layering identification
using cone penetration test data. Geotechnics 2024, 4, 382-398. [CrossRef]

Vannoy, T.C.; Sweeney, N.B.; Shaw, ].A.; Whitaker, B.M. Comparison of supervised learning and changepoint detection for insect
detection in Lidar data. Remote Sens. 2023, 15, 5634. [CrossRef]

Si, T.; Wang, Y.; Zhang, L.; Richmond, E.; Ahn, T.-H.; Gong, H. Multivariate time series change-point detection with a novel
Pearson-like scaled Bregman divergence. Stats 2024, 7, 462-480. [CrossRef]

Park, ].H.; Yamauchi, S. Change-point detection and regularization in time series cross-sectional data analysis. Political Anal. 2022,
31, 257-277. [CrossRef]

Shi, X.; Gallagher, C.; Lund, R.; Killick, R. A comparison of single and multiple changepoint techniques for time series data,
Comput. Stat. Data Anal. 2022, 170, 107433. [CrossRef]

Jewell, S.; Fearnhead, P.; Witten, D. Testing for a change in mean after changepoint detection, J. R. Stat. Soc. Ser. B: Stat. Methodol.
2022, 84, 1082-1104. [CrossRef]

Aminikhanghahi, S.; Cook, D.J. A Survey of methods for time series change point detection. Knowl. Inf. Syst. 2017, 51, 339-367.
[CrossRef] [PubMed]

Gupta, M.; Wadhvani, R.; Rasool, A. Comprehensive analysis of change-point dynamics detection in time series data: A review.
Expert Syst. Appl. 2024, 248, 123342. [CrossRef]

McPherson, ].W. Reliability Physics and Engineering; Springer: London, UK, 2019; 322p.

Nakagawa, T. Maintenance Theory of Reliability; Springer: London, UK, 2005; 270p.

Galar, D.; Sandborn, P.; Kumar, U. Maintenance Costs and Life Cycle Cost Analysis; CRC Press: Boca Raton, FL, USA, 2017; 516p.
Ren, H.; Chen, X; Chen, Y. Reliability Based Aircraft Maintenance Optimization and Applications; Academic Press: London, UK,
2017; 236p.

Rausand, M.; Barros, A.; Hoyland, A. System Reliability Theory: Models, Statistical Methods and Applications, 3rd ed.; Wiley: Hoboken,
NJ, USA, 2020; 864p.

Zaliskyi, M.; Solomentsev, O.; Kozhokhina, O.; Herasymenko, T. Reliability parameters estimation for radioelectronic equipment
in case of change-point. In Proceedings of the Signal Processing Symposium 2017 (SPSympo 2017), Jachranka Village, Poland,
12-14 September 2017; pp. 1-4.

Prokopenko, I.; Omelchuk, I.; Maloyed, M. Synthesis of signal detection algorithms under conditions of aprioristic uncertainty. In
Proceedings of the IEEE Ukrainian Microwave Week (UkrMW), Kharkiv, Ukraine, 21-25 September 2020; pp. 418—423.
Solomentsev, O.; Zaliskyi, M.; Herasymenko, T.; Kozhokhina, O.; Petrova, Y. Data processing in case of radio equipment reliability
parameters monitoring. In Proceedings of the Advances in Wireless and Optical Communications (RTUWO), Riga, Latvia, 15-16
November 2018; pp. 219-222.

Zuiev, O.V.,; Demydko, V.G.; Musyenko, A.O.; Gerasymenko, T.S. Analysis of control processes influence on UAV equipment
classification veracity. In Proceedings of the IEEE International Conference Actual Problems of Unmanned Aerial Vehicles
Developments (APUAVD), Kyiv, Ukraine, 13-15 October 2015; pp. 102-105.

Al-Azzeh, ].; Mesleh, A.; Zaliskyi, M.; Odarchenko, R.; Kuzmin, V. A method of accuracy increment using segmented regression.
Algorithms 2022, 15, 378. [CrossRef]

Gertsbakh, I. Reliability Theory: With Applications to Preventive Maintenance; Springer: Berlin, Germany, 2000; 219p.

Dai, B.; Xu, G.; Huang, B.; Qin, P,; Xu, Y. Enabling network innovation in data center networks with software defined networking:
A survey, ]. Netw. Comput. Appl. 2017, 94, 33—-49. [CrossRef]


https://doi.org/10.3390/aerospace12040301
https://doi.org/10.3390/aerospace11010092
https://doi.org/10.3390/su16156470
https://doi.org/10.3390/su13031095
https://doi.org/10.3390/su16146154
https://doi.org/10.3390/make5040071
https://doi.org/10.3390/sym17020302
https://doi.org/10.3390/geotechnics4020021
https://doi.org/10.3390/rs15245634
https://doi.org/10.3390/stats7020028
https://doi.org/10.1017/pan.2022.23
https://doi.org/10.1016/j.csda.2022.107433
https://doi.org/10.1111/rssb.12501
https://doi.org/10.1007/s10115-016-0987-z
https://www.ncbi.nlm.nih.gov/pubmed/28603327
https://doi.org/10.1016/j.eswa.2024.123342
https://doi.org/10.3390/a15100378
https://doi.org/10.1016/j.jnca.2017.07.004

Sustainability 2025, 17, 5781 33 of 33

71. Zargar, S.; Kannangara, M.; Gonzales-Calienes, G.; Yang, J.; Shadbahr, J.; Decés-Petit, C.; Bensebaa, F. Data hub for life cycle
assessment of climate change solutions—Hydrogen case study. Data 2024, 9, 129. [CrossRef]

72. Instruction on the Procedure for Extending the Service Life of Ground-Based Equipment for Radio Support of Flights and Aviation
Telecommunications of Civil Aviation of Ukraine. 2003. Available online: https://zakon.rada.gov.ua/laws/show/z1102-03
(accessed on 17 June 2025). (In Ukrainian)

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/data9110129
https://zakon.rada.gov.ua/laws/show/z1102-03

	Introduction 
	Literature Review and Problem Statement 
	Materials and Methods 
	Results and Discussions 
	Conclusions 
	Appendix A
	References

