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DEVELOPMENT OF A HYBRID PREDICTIVE
MAINTENANCE MODEL

Opracowanie hybrydowego modelu predykcyjnego
utrzymania ruchu

Abstract: Progress in the field of technology and science enables the digitalization of
manufacturing processes in the era of Industry 4.0. For this purpose, it uses tools which are
referred to as the technological pillars of Industry 4.0. Simultaneously with the changes in
the field of manufacturing, the interdisciplinary cooperation between production and
machine maintenance planning is developing. Different types of predictive maintenance
models are being developed in order to ensure the good condition of the machines, optimize
maintenance costs and minimize machine downtime. The article presents the existing types
of predictive maintenance and selected methods of machine diagnostics that can be used to
analyze machines operating parameters. A hybrid model of predictive maintenance was
developed and described. The proposed model is based on diagnostic data, historical data
on failures and mathematical models. The use of complementary types of predictive
maintenance in the hybrid model of predictive maintenance is particularly important in the
case of high-performance production lines, where high quality of products and timeliness
of orders are crucial.

Keywords: maintenance, predictive maintenance, maintenance models, diagnostics,
diagnostic methods, Industry 4.0, Maintenance 4.0, digitalization

Streszczenie: Postep w dziedzinie techniki i nauki umozliwia digitalizacje procesow
wytworczych w erze Przemystu 4.0. Wykorzystuje w tym celu narzedzia, ktore okreslane sq
jako filary technologiczne Przemystu 4.0. RownoczeSnie ze zmianami w dziedzinie
produkcji rozwija sig interdyscyplinarna wspoilpraca miedzy produkcjq a planowaniem
obstugi maszyn. W celu utrzymania maszyn w nalezytej kondycji oraz optymalizacji kosztow
obstugi i czasow przestojow, rozwijajq si¢ rozne typy predykcyjnych modeli obstugi.
W artykule przedstawione zostaly istniejqce typy predykcyjnej obstugi oraz wybrane metody
diagnostyki maszyn, ktore mogq zosta¢ wykorzystane do badania parametrow pracy
maszyn. Opracowany oraz opisany zostal hybrydowy model predykcyjnej obstugi,
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wykorzystujgcy dane diagnostyczne, dane historyczne dotyczgce awarii oraz modele
matematyczne. Wykorzystanie w hybrydowym modelu predykcyjnej obstugi uzupetniajg-
cych sie typow predykcyjnej obstugi jest szczegolnie istotne w przypadku wysokowydajnych
linii produkcyjnych, gdzie kluczowe sq wysoka jakos¢ wyrobow oraz terminowosé
wykonywanych zlecen.

Stowa kluczowe: obstuga maszyn, utrzymanie ruchu, predykcyjna obstuga maszyn,
predykcyjne utrzymanie ruchu, modele utrzymania ruchu, diagnostyka, metody diagno-
styczne, Przemyst 4.0, Utrzymanie ruchu 4.0, digitalizacja

1. Introduction

The fourth industrial revolution, unlike the previous ones, does not aim at
mechanization and automation of manufacturing processes, but at their digitalization [1].
For this purpose, it uses achievements in the field of science and technology that enable the
digitalization of manufacturing, as well as rapid development in the field of data processing
and Internet technologies. The result of progressive digitalization is the transformation of
manufacturing enterprises and the formation of Smart Factories, in which production
systems are autonomously controlled by computer programs [1, 2].

In Industry 4.0, manufacturing is being revolutionized by increasing flexibility, greater
customization possibilities than before, and improving quality and productivity [3]. An
additional advantage, important from the point of view of enterprises, is also ensuring
savings related to the production line operation by automating system monitoring, early
detection of damage, reduction of machine downtime and predicting the functioning of
equipment [4].

Technological pillars of Industry 4.0 have been described in numerous literature
sources. Their use in the industry enables improvements in specific areas of production
enterprises when implemented individually or in combination of a larger number of them
[3, 5]. From the point of view of a modern production plant, all of the technological pillars
may be important, but their selection must depend on the type of production structure, the
size of production series or the industry in which they would be implemented [6].
Technological pillars of Industry 4.0:

e Industrial Internet of Things — the use of IoT technology in an industrial
environment in order to fulfil tasks specific to industry [7]. Its goal is to integrate
machines so that they can communicate without human participation,

e Big Data and Analytics — large and complex data sets, the processing and analysis
of which influence decision-making processes in enterprises, can be used in very
wide range, from the analysis of customer preferences to damage prediction in order
to reduce the duration of failures [5],

o Horizontal & vertical system integration — integration of flexible and reconfigurable
system inside the enterprise (referred to as vertical) with cooperants in the supply
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chain (referred as horizontal layer), it is crucial from the point of enterprises agility
(3, 5],

e Simulation — enable verification of designed or adopted solutions with the use of
computer software before they are implemented in a real system [8],

e Cloud computing — a definition of utility calculations carried out in the cloud, in
essence the use of computing, network and memory resources in real time [9]; it
enables to share data from connected production machines to the cloud and store
them in memory resources,

o Augmented Reality — a technology used for interaction between humans and
machines, which enables the imposition of digital data on reality, which can be
used, among others, in maintenance or other operating procedures [3, 10],

e Autonomous Robots — smart devices which are able to perform manufacturing tasks
and cooperate with each other and with manufacturing operators [3, 10],

e Additive manufacturing — a manufacturing technique which enables fast and
automated production of designed prototype components and small production
series; moreover it enables manufacturing of complex shapes that are unattainable
with other manufacturing techniques [11, 12],

e Cyber Security — ensuring reliable and secure communication, access control and
security of company data and documents, as well as counteracting cyber threats
[10].

In the era of Industry 4.0, one of the key issues is machine maintenance [13] and
interdisciplinary cooperation between production and machine maintenance planning [3].
For this purpose, techniques such as IoT (Internet of Things), Big Data, integration of Al
(Artificial Intelligence) and Cyber-Physical Systems (CPS) are used [14, 15]. The
development of modern techniques allows for the evolution of diagnostics for continuous,
automatic monitoring of the technical condition of machines [16]. Cyber-Physical Systems
(CPS) can be defined as intelligent systems which consist of physical and computational
components, very well integrated with each other, having a high degree of complexity in
time and space scales [15]. The use of Cyber-Physical Systems in manufacturing systems
is particularly important due to the need to have significant computing power to process
numerous measurement data and achieve the goal of detecting defects [17].

The maintenance of the machine park in production enterprises is an integral part of
resource management and one of the processes supporting production [16]. Maintenance
can also have a significant impact on the costs of current operation of enterprises, affecting
energy consumption, CO2 emissions and the involvement of additional company resources
[18]. It also affects the efficiency and productivity of manufacturing [16].

There are many factors that affect maintenance. These include selection of an
appropriate maintenance strategy [ 16], staff qualifications, having factory standards, having
a spare parts warchouse, having financial resources, legal regulations, care for the
sustainable development [18, 19]. The area of diagnostics is directly related to the machines
maintenance, in particular to predictive maintenance, which allows, among others, for
determining the technical condition of machines and their components [20].
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The aim of the article is to analyse the literature sources and characterize the basic
maintenance strategies that are used in the industry: reactive, preventive and predictive, as
well as selected techniques of machine diagnostics. The result of the literature review and
own study is the development of a hybrid predictive maintenance model using machine
diagnostics, historical data on failures and mathematical models prepared on their basis.
The development of an author’s concept of a hybrid predictive maintenance model aims to
improve the effectiveness rate of machines. The use of complementary types of predictive
maintenance enables an interdisciplinary approach to predictive maintenance, which is
particularly important in high-performance production lines, where high quality of products
and timeliness of orders are crucial (e.g. pharmaceutical and tobacco industries).

2. The use of diagnostics in the maintenance of machines

2.1. Predictive maintenance strategy

Machines maintenance strategies have evolved with advances in technology. Initially,
maintenance actions were undertaken when a failure occurred (reactive maintenance
strategy). Then the preventive maintenance strategy gained popularity, when repairs or
replacements of components began to be planned. Along with technological development,
the predictive maintenance model has gained popularity in recent years. According to
literature sources, maintenance strategies can be divided into two main groups: reactive and
preventive/predictive maintenance [21, 22]. In the second group, two main types of
maintenance strategies can be distinguished: Time-Based Maintenance (TBM) and
Condition Based Maintenance (CBM).

Time-Based Maintenance (TBM) uses the manufacturer recommendations, failure
history, and the experience of maintenance personnel or operators to determine maintenance
intervals. Due to the fact that this methodology do not use additional diagnostic devices and
data, it is also easy to implement [22, 23]. On the other hand, Condition-Based Maintenance
(CBM) is proactive and uses predictive models based on diagnostics to make decisions
when it is necessary to perform specific maintenance activities to avoid unnecessary repairs
or maintenance actions [22, 24]. Due to the presence of a monitoring system that monitors
selected parameters, a machine Condition-Based Maintenance strategy (CBM) is more
difficult to implement than a Time-Based Maintenance (TBM) strategy. However, due to
numerous advantages, its use is becoming more and more popular [23]. A comparison of
the three main machine maintenance strategies, based on selected criteria, is presented in
Table 1.

Predictive maintenance is one of the concepts in which maintenance actions that
maximize reliability of resources or systems are precisely matched to their technical condition.
In this concept, maintenance determined by the condition of resources or systems (Condition-
Based Maintenance) is supported by tools for monitoring their specific parameters and for
predicting failures. Prediction based on diagnostic data makes it possible to predict trends and
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their correlation using statistical models or machine learning [4, 18, 25]. According to the
concept, damage to the machine or its component should be detected by automatic monitoring
system as soon as its degradation begins, and maintenance actions aimed at restoring the
technical condition ensuring proper functioning should be planned and performed before
complete damage and change the machine or its component into a state of inoperability, as
shown in Figure 1.

Table 1

Comparison of the three main machine maintenance strategies, based on selected
criteria

Predictive maintenance

Preventive Maintenance

Reactive Maintenance

Main assumption

Avoiding unnecessary
maintenance

Maintenance planning

Work until a failure
occurs

Decision on when
to perform the

Based on technical

Based on the specified

When repair or

. condition interval replacement is required
maintenance
Numerous data Limited access to data
Failure data collected, processed and | Data collected and possibilities of its
analysed collection
Diaenostics Diagnostics and Diagnostics is No monitoring (and no
& prognosis is a priority | a priority monitoring costs)
Failure
initiation point

=

§ Predictive

2 Normal operation maintenance actions

o

T

g

5

g

g

&

Time /
Failure occurence

Fig. 1. Diagram presenting the time range in which maintenance actions should be undertaken to
eliminate a developing damage, depending on the condition of the machine in the predictive
maintenance model
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The main goal of predictive maintenance is to undertake maintenance actions before
damage develops and the components fails [14] to ensure continuous functioning of
production lines and avoid unplanned downtime [9]. Important goals resulting from the
implementation of predictive maintenance of manufacturing resources are: reduction of
machines downtime, costs, control and improving the quality of products [26], improving
reliability, availability and efficiency of production lines [2], increase in productivity by
improving accessibility, quality, ensuring economically efficient automated processes for
monitoring production systems, early detection of damage, reduction of machine downtime,
prediction of the lifetime of the machines [13] and the associated ecological aspect, aimed
at sustainable development [6, 27].

Predictive maintenance is a concept within which the different types of maintenance
developed. On basis of numerous literature sources, it is possible to specify types of
predictive maintenance that are used in practice: experience-based, model-based, physical-
based, data-driven, knowledge-based, digital-twin approach and hybrid [2, 28, 29], which
are presented in Figure 2. Due to the possibility of optimizing implementation time and
costs, it is important to choose the proper technique for a given set of machines or the entire
production line. Types of predictive maintenance:

e Experience-based predictive maintenance — model of predictive maintenance, based
on experience, using specific principles and factors observed over the years of
technical systems maintenance practice [28]; the knowledge possessed by
specialists allows to identify failures, components wear and predict failures with
the use of historical data; it is the most basic type of predictive maintenance [30];

e Model-based predictive maintenance — a technique based on mathematical models
that can be used to describe the components or system wear; in this method, the
failure prediction model is used to verify compliance between the values of
measured parameters and the expected parameters of the process; some models use
Markov chains, statistical models using Gauss and Weibull curves [31]; the linear
and Wiener methods are used less frequently [28]; a feature of models of this type
is high accuracy of prediction, but their implementation requires costly
calculations, and its implementation is possible for a limited set of types of wear
(32];

e Physical-based predictive maintenance — a model that uses physical and
mathematical models to describe and evaluate component wear; in this method, it
is possible to perform an accurate simulation of component degradation using
physical models [28, 33, 34];

e Data-driven predictive maintenance — production machines are equipped with
sensors monitoring their operating parameters; data obtained from sensors, e.g.
vibration, noise, temperature or humidity are recorded and saved in a dedicated
memory resources — usually in the cloud [35]; at the same time, they can be used to
process and analyse component wear and predict the time to failure or to component
wear [28, 33, 36]; The use of data-driven methods combined with machine learning
enables the identification of complex relationships between data that are difficult
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to detect using physical-based and knowledge-based models [37, 38]. However, this
type of predictive maintenance requires the use of significant computational
resources;

o Knowledge-based predictive maintenance —a model that is based on knowledge and
experience in the system to reduce its complexity [29]; degradation modelling
knowledge is based on data from previous failures [39];

e Digital twins approach to predictive maintenance — it consists in combining data
and models creating a connection between the real and virtual environment [29];

e Hybrid predictive maintenance — an approach used in Industry 4.0 factories when
production systems are complex; the level of complexity of devices and systems
makes it impossible to evaluate all machines and components according to one
model [28], so hybrid models are created that combine two or more types of
predictive maintenance.

Types of predictive maintenance models Hybrid predictive
maintenance

! l l l l I

Experience-based Knowledge-based Model-based Physical-based Data-driven Digital twins
predictive predictive predictive predictive predictive approach
i i i i maintenance

Maintenance based
Maintenance based Maintenance based Maintenance based Maintenance based Maintenance based on the connection
on experience in on knowledge about on mathematical on simulation of on measured between a virtual
maintenance of system and models describing component operating model and a real
technical systems. reducing its the wear and tear degradation using parameters object
complexity of components physical models

Fig. 2. Types of predictive maintenance models

One of the challenges for fault detection algorithms is the different input formats of
data from different sensors. Simultaneous processing of information contained in the form
of voltage response, photos, films, graphs and others may lead to the need to use a large
number of devices for recording and processing data [40]. Another of the identified
challenges in the changes taking place in the industry and the models of maintaining the
production equipment is also the aspect of care for sustainable development [18]. In
comparison to preventive maintenance, in the predictive maintenance model, components
are not replaced at fixed, defined intervals, but depending on their condition. This enables
better use of components and minimizes the frequency of replacing parts that remain in
good condition. Another important issue from the point of view of sustainable development
is energy management in Industry 4.0 [41].

On the basis of the literature review it was concluded that the scientific publications to
date refer to the use of one type of predictive maintenance, e.g. [29, 32, 42]. Hybrid
predictive maintenance models are a new area of dynamic development in predictive
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maintenance, and models using two types of predictive maintenance are presented in the
literature [2, 43]. Hybrid models can be applied in highly advanced manufacturing systems
of the Industry 4.0 era, in which selected components require the use of more than one
predictive maintenance type [13, 28]. The author’s proposal of a hybrid predictive
maintenance model, in contrast, takes into account a combination of three types of
predictive maintenance and is dedicated to high-performance production lines.

2.2. Machine diagnostic methods used in predictive maintenance

An indispensable element of the predictive maintenance model is to ensure continuous
and automated monitoring of specific parameters of machines and their components.
Various diagnostic methods are used to assess the condition of machine components,
allowing to examine specific operating parameters important form the point of view of
wear. For selected machines or their components, it is possible to select one parameter
which will be a subject of ongoing monitoring and analysis, or combination of more than
one key parameters. The choice of the diagnostic method to be implemented will depend
on the parameters whose change indicates wear and a developing defect. Their proper
selection is crucial for the effectiveness of monitoring.

The most important parameters to diagnose in industrial machines are:

e Vibration — vibration sensors are one of the most popular for Condition-Based
Maintenance (CBM), especially for machines with rotating components (bearings,
shafts etc.); vibrations are tested directly in the machines and vibration diagnostics
is one of the non-destructive diagnostic methods; popularly used acceleration
sensors can be used for continuous monitoring, while in certain cases it is possible
to use more specialized instrumentation [22, 44, 45];

e Visual inspections (based on various types of cameras) — visual inspections based
on cameras are implemented in enterprises to detect dangerous situations od risk of
failure; they are based on industrial cameras with a specific, usually high resolution,
whose image is processed using, among others, neural networks; this makes is
possible to perform visual inspections, e.g. on production line and detect dangerous
situations or damage in automated manner [46, 47]; this allows e.g. for detecting
damage in defected bearings or in damaged refractory coatings for liquids with high
temperature (e.g. molten metal); the use of thermography cameras is particularly
important in electrical switchboards to detect local hot spots in a non-contact
manner [45];

e Power consumption — monitoring of changes in power consumption and in values
related to electrical resistance, conductivity and insulation [48]; continuous
diagnostics can use changes in power consumption to detect changes that indicate
an impending failure; greater motion resistance between components, and thus
a greater demand for energy, may indicate wear and the need to replace specific
executive components;
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e Noise and acoustic diagnostics — noise testing is a technique used in Condition-
Based Maintenance (CBM); noise is directly related to vibration and similarly to
vibration diagnostic, acoustic diagnostics is used for machines containing rotating
components [22, 44]; however, the main difference is the lack of direct contact with
the tested machine, which is not possible in the case of using numerous vibration
sensors [49];

e Lubricant and oil analysis — in machines that use lubricants and oils, an examination
of the lubricant can be a valuable source of knowledge about the wear and tear of
cooperating components [22]; the presence of certain undesirable contaminants in
the lubricant or oil can indicate the occurrence of failure or the imminent occurrence
of failure; oil analysis can be divided into several categories: chip detectors,
spectrographic oil analysis and ferrography [45];

e Thermodiagnostics — the most common diagnostic methods used in machines with
rotating components (e.g. bearings) and in electrical and electronic modules and
devices [22, 50];

e Infrared thermal imaging (IRT)-based diagnostics — a diagnostic method that is an
alternative to vibration-based testing for condition monitoring of machines; it is
a method based on non-contact measurements, which makes it safer than methods;
moreover the method provides highly reliable results; this method has been
implemented, among others, in the monitoring of machines with rotating
components; the capabilities of the infrared-based method are extensive and make
it suitable for electrical and mechanical fault diagnosis [19, 24];

o Pressure — one of the basic diagnostic values that can provide information on the
occurrence of a fault (e.g. leakage) [29];

e Humidity — a diagnostic value that can verify, among others, the tightness of specific
machine components [28];

e Chemical and environmental measurements — examination of the composition of
e.g. exhaust gases, waste liquid, pollutants produced during the process by the
machine, or the system may inform about the deteriorating technical condition and
wear of specific components [27].

2.3. Cost-intensiveness of maintenance strategies - discussion

Choosing the proper machine maintenance strategy is crucial for companies
primarily from an economic perspective. The choice of the right one will be influenced
by a number of factors, including the production structure (series, parallel, series-
parallel), the level of machine utilisation and having an operating reserve. A predictive
maintenance model will work well for serial structures that do not have buffers or have
significantly limited product storage between processes. Similarly, its application will be
beneficial for machines with very high utilisation and no reserve, and which key spare
parts are not or cannot be stored.
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When implementing a predictive maintenance model, as important as the choice of the
appropriate machine maintenance strategy is the choice of the type of predictive
maintenance. During the first implementation of predictive maintenance for a production
line, or using predictive maintenance for selected elements of the production system, it will
be beneficial to use one of the existing commercial predictive maintenance system. For
more specialised and complex production lines and the use of numerous monitoring data,
a line-dedicated system may be beneficial.

3. Hybrid predictive maintenance model

One of the basic assumptions of the predictive maintenance model using real-time
diagnostic data, which is presented in the article, is to have integrated systems for
monitoring, detection and prediction of damage formation and propagation in machine
components. In general, in the process of machine maintenance planning with the use of
diagnostic data (Big Data), the following stages should be included: data collection, data
processing, detection, diagnosis, prediction and decision-making [14].

In order to successfully implement predictive maintenance, a strategy for
implementing a hybrid type of maintenance of machines or their selected components has
been proposed. It is presented in Figure 3. The algorithm of proceeding considers the
following steps:

o Identification of machines and components that can be effectively maintained
according to the assumptions for the predictive maintenance model, in essence,
have the ability to implement monitoring of critical parameters (e.g. vibration),

e Determination of parameter values that indicate the onset and propagation of
component damage — feasible using similar or identical machines (e.g. occurrence
of aa certain dominant frequency in the spectrum, increased operating temperature),

e Recording data and detecting the occurrence of dangerous values and their nature
or recurrence, addition of information on historical failures and historical failure
rates of machines, allowing subsequent ex-post estimation of the operating time
from the moment detecting the first signs of component wear until the failure
occurs,

e Preparation of an automatic monitoring system with detection of dangerous changes
in the parameters under monitoring (use of commercial or system-dedicated
software for processing monitoring data, detection of dangerous parameter values
and prediction of the moment of failure using historical data and mathematical
model adequate to it),

e Launching a system of continuous, automatic monitoring, and in the case of
detecting a developing defect, planning, using an ex-ante method, a machine or
production line downtime in order to repair or replace the worn-out component.
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Identification of machines and components that can be effectively maintained according to
assumptions for the Predictive Maintenance

\

Determination of parameter values that indicate the wear and tear of components

«

Recording data and detecting the occurrence of dangerous values and their nature

«

Preparation of an automatic monitoring system with detection of dangerous changes in the
parameters under monitoring

«

Planning a machine or production line downtime in order to repair or replace the worn-out
component

Fig. 3. Algorithm of implementation of a hybrid maintenance of machines or their selected
components

The proposed predictive maintenance model can be categorised as a hybrid type of
predictive maintenance. On the one hand, the model used diagnostic data coinciding with
a data-driven approach, while on the other hand, the model uses historical failure data from
the time of the first signs of wear during monitoring (experience-based approach). The
model, in turn, is complemented by the determination of the predicted remaining correct
operation time using statistical tools, so a type of predictive maintenance based on
a mathematical model is also used (model-based approach). The use of this type of model
allows a comprehensive approach to determining the appropriate moment when
maintenance actions should be planned and undertaken, enabling maximum utilisation of
components and, at the same time, minimising the duration of unplanned downtime as well
as the funds allocated to stored spare parts. This approach, combined with the maintenance
department’s knowledge of parts delivery times and component replacement times, allows
for the efficient maintenance of key machines.

The monitoring and prediction system in many cases can use specific, fixed parameter
values, the exceeding of which will result in the recognition of an impending failure and the
prediction of its occurrence time. It is also possible to use system-dedicated software to
continuously monitor production system machines and predict failures. However, in certain
cases, where the monitoring system is based on, for example, an image capture system,
machine learning is a key part of preparing the software needed for an automated machine
condition monitoring system [48]. In addition to the appropriately labelled dangerous values
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of the monitored parameters, which will be used to train the neural network, the system for
predicting the remaining time to failure should also use historical failure data [48].

4. Conclusion

The article describes and compares the main maintenance concepts. Particular
attention is given to predictive maintenance, which is gaining increasing popularity in
industry. The subtypes of predictive maintenance and the diagnostic methods used in the
industry were presented. The aim of the article, which included performing a literature
analysis of predictive maintenance, its types and diagnostic methods, and developing
a hybrid predictive maintenance model, was achieved.

The hybrid predictive maintenance model presented in the article provides
a comprehensive approach to determining the remaining correct operation time of
components or machines. The implementation of a system using system-dedicated or
commercial software to process and analyze data of monitored parameters and the use
of predictive algorithms will enable minimization of the occurrence of unplanned machine
downtime due to failures in comparison with other maintenance strategies. The main
advantages will therefore be to maximize production line efficiency, minimize non-working
line time and reduce line stops for maintenance tasks. In addition, the implementation of
a predictive maintenance model for production lines using a preventive strategy so far,
taking into account the costs incurred to implement a diagnostic and predictive system, can
bring financial benefits in the long term, due to performing maintenance only when it is
necessary. Another advantage is the environmental benefit, due to the use of fewer spare
parts.

The author’s concept of a hybrid predictive maintenance model aims to improve the
effectiveness of machine operation in production systems. The predictive maintenance
methodology proposed in this article, as well as selected diagnostic techniques, will be
subjected to further development. The next stage of the research will be the implementation
of the developed hybrid predictive maintenance model in a real production system, which
is characterized by short production series. According to the assumptions related with the
development of the hybrid model, highly repeatable processes will be investigated.

Due to the numerous advantages of a predictive machine maintenance strategy, it will
become increasingly popular in manufacturing enterprises. In particular, it is recommended
for implementation for machines or systems when high availability is required and when
they are strategically important to ensure the continuity of system operation. Despite the
need to invest significant funds in implementing a hybrid type of predictive maintenance,
for high-performance production lines which operate at near maximum capacity, this type
of maintenance can bring benefits in the areas of on-time order execution and ensuring high
product quality.
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