ISSN 2411-3336; e-ISSN 2541-9404

JOURNAL OF MINING INSTITUTE OF MINING

INSTITUTE

Zapiski Gornogo instituta ‘m

Journal homepage: pmi.spmi.ru M RO

Research article Geotechnical Engineering and Engineering Geology

Digital transformation of industrial machinery repair and maintenance
to build an industrial metaverse

Natalia I. Koteleval>X, Vladislav V. Valnev?, Aleksandr S. Simakov!, Maysam Mohammadzadeh Shirazi?
L Empress Catherine 11 Saint Petersburg Mining University, Saint Petersburg, Russia
2 Shiraz University, Shiraz, Iran

How to cite this article: Koteleva N.I., Valnev V.V., Simakov A.S., Shirazi M.M. Digital transformation
of industrial machinery repair and maintenance to build an industrial metaverse. Journal of Mining Institute. 2025.
Vol. 275, p. 30-41.

Abstract
Industrial metaverse is a new direction for development of industrial enterprises. Nowadays the process of full

understanding term “industrial metaverse”, its conception, its effectiveness for enterprises is not actualy completed.
The methodology, tools, and methods for building an industrial metaverse have not been clearly defined. Therefore,
it is advisable to experimentally implement a part of the metaverse on one or several processes with future scaling
to other processes. The process of industrial machinery repair and maintenance is proposed as an experimental zone
for implementing the industrial metaverse. This process is well suited as an experimental zone. Launching the in-
dustrial metaverse concept on it will solve a number of problems, such as the diversity of equipment with unique
diagnostic and repair methods, human errors made during repair work, etc. This article presents the concept of
building and the architecture of industrial metaverse. A general description of the physical, cyber-physical, and social
spaces and the interaction layer between them is provided, without any details of qualitative and quantitative indi-
cators. The avatar of a service engineer is highlighted as one of the elements of the cyber-physical space. The process
of creating an avatar of a cyber-physical service engineer is considered: a description of the main functionality is
provided, it is shown that a combined system of wearable devices — a glove and a video camera integrated into
glasses, a vest, a helmet, or represented by an independent device — is sufficient for its creation. Laboratory experi-
ments were conducted, where the created avatar was tested to determine the task of servicing a centrifugal pump.
The results of processing 518 experimental datasets of 10 points, each of which belongs to one of six classes corre-
sponding to a specific technological operation during servicing of a centrifugal pump are shown. Three types of
models were obtained (accuracy on training data 0.99; 1.0; 1.0, accuracy on test data 0.625; 0.7; 1.0). It has been
shown that achieving 1.0 accuracy on training and test data requires first identifying features representing frequency
and temporal characteristics obtained through time series processing. The obtained results allow to make conclusions
about the readiness of these technologies for industrial implementation.
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Introduction
Modern industrial machinery repair and maintenance is a guarantee of operational safety of any

industrial enterprise [1, 2]. Modern maintenance is understood as equipment maintenance performed
on time in the required volume, during which the decrease in the enterprise’s operational efficiency
is either absent or minimal [3, 4]. During maintenance, enterprises can flow to four strategies [5, 6]:
1) reactive maintenance or maintenance that must be performed upon an incident (repair, acci-
dent, etc.); 2) preventive maintenance or scheduled maintenance (according to the manufacturer’s
recommendations or regulations); 3) predictive maintenance or maintenance based on defect
development forecasts; 4) maintenance based on actual condition (i.e., only when really necessary).
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Modern enterprises try to move to maintenance based on actual condition and reduce the need for
reactive maintenance [7, 8]. During maintenance, enterprises face a number of problems [9, 10],
for example:

» lack of labor;

« a huge variety of equipment with unique diagnostic and repair methods;

« a lack of personnel skills and competencies in equipment maintenance;

« a lack of tools for monitoring the actual condition, assessing the service life, and predicting
the development of various equipment defects;

« personnel errors occurred during installation or maintenance of equipment, timely logging
of these errors and diagnosis;

« a lack of an automated system for monitoring maintenance and personnel actions;

« limited access to real-time information about the life condition of equipment at the facility
during repairs.

To solve these and other problems arising during an industrial machinery repair and mainte-
nance, it is necessary to develop new approaches. It made possible by the digital transformation,
which is making the transition through Industry 4.0 to Industry 5.0 [11, 12]. Digital transfor-
mation today spreads almost all types of human activity [13, 14]. Of course, industry is not
immune to it [15, 16]. One of the areas of digital transformation of enterprises and the concept of
Industry 5.0 is the creation of an industrial metaverse [17, 18]. The metaverse is a new concept
describing a completely immersive digital environment in which people can interact both
with digital objects and with each other in virtual space [19]. However, the concept of the
“industrial metaverse” is quite new, the principles, methodology and tools of the industrial
metaverse have not been clearly defined [20, 21]. There are several problems that hinder its
creation in enterprises [22, 23]. For example, the adaptation of existing technological solutions
to a specific process and enterprise, the lack of a regulatory framework and standards, insufficient
information security, and the absence of a data management system and resource distribution
between the real, virtual, and mixed reality. Considering these problems, researchers agree that
implementation, i.e., the creation of an industrial metaverse, is necessary today [24, 25].

According to the authors, the implementation of the industrial metaverse should be realized
conservatively: a part of the industrial metaverse should be experimentally deployed on one or more
processes and then scaled up. However, it is important to remember that even the experimental
implementation of a part of the metaverse should not harm the activities of the enterprise or reduce
its operational efficiency. The correct selection of an object or process is an important task for the
initial deployment of the industrial metaverse. A study [26], the purpose of which was to find out
how companies perceive the potential for using the industrial metaverse, showed that maintenance
and repair processes have the greatest potential for the implementation of the industrial metaverse:
44 % of votes (first place) versus 15 % for design and planning (second place). This gap proves the
advisability of choosing maintenance and repair processes as an experimental zone for the implemen-
tation of the industrial metaverse concept. Other studies [27, 28] directly or indirectly choose
the equipment maintenance and repair process as the most suitable for the initial implementation
of the industrial metaverse concept at an industrial enterprise.

The aim of this work is to develop technical solutions for creating a part of the industrial
metauniverse for the equipment maintenance and repair process.

Methods

To build an industrial metaverse of the industrial machinery repair and maintenance process,
four mandatory levels or layers are assumed: the physical level (real-world objects), the level of in-
teraction between the physical and virtual worlds (10T devices, wearable devices, special interaction
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Fig.1. The architecture of the industrial metaverse of industrial machinery repair and maintenance:
a —the whole model; b — model in the plane of physical and cyber-physical space

protocols, communication systems, robots and drones), the mixed reality level (virtual world objects,
digital twins, virtual and augmented reality), the decision-making level (objects and algorithms that
synchronize the operation of the real and virtual parts of the metaverse). For example, in [29] the
industrial metaverse includes physical, cyber-physical, and social spaces. According to this terminology
and expanding the industrial metaverse concept, a model of the industrial metaverse was developed,
the architecture of which is presented in Fig.1, a.

The difference between this model and the one presented in [29], is that the common layer is
called the interaction layer (in [29] the common layer is called the fusion layer, the interaction layer
is the layer between the social and cyber-physical space, and additionally introduced are the configura-
tion layer — the layer between the social and physical space, the network layer — the layer between
the physical and cyber-physical space, and the perception layer — the layer between the physical and
cyber-physical space). The developed architecture allows for a more detailed presentation of the
interactions of the three spatial components from different planes. For example, Fig.1, b presents an
examination of the industrial metaverse in the plane of interaction between the physical and cyber-
physical space.

The real and virtual parts of the industrial metaverse overlap. At the intersection of each part
there are data (information models), software services, hardware, and a network layer. At the same
time, there is data generated only by the real part of the metaverse, and there is only that which relates
to the virtual part, also with software services and hardware. However, the infrastructure should be
built in such a way that the parts are independent and can interact with each other.

For the presented industrial metaverse architecture, the decision-making system [30] will be lo-
cated in layers of social space, as shown in Fig.2. The light colors used in Fig.2 for each of the three
spaces indicate the boundaries of interaction
between the spaces.

The decision-making system can operate

Social space // ]
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/ h S ¢ m 4 .

y 4 | /,J in three modes: human-only, system-only, and
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space space 4 and the human makes the final decision). Compa-
y nies are more willing to delegate decision-making
to humans. The system is involved in fewer cases.
Fig.2. Decision-making system in industrial metaverse As trust increases, the degree of system participa—

for industrial machinery repair and maintenance: .. . . . . .

h — only human, m — only machine, ¢ — collaboration mode tion in decision-making should certainly increase.
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The creation of an industrial metaverse does not occur from scratch. Conceptually, this is
certainly a new question, but it is based on existing developments and solutions. For example,
for the equipment maintenance and repair process, the physical space exists completely, while the
cyber-physical space exists partially. This means that to build an industrial metaverse and understand
it in terms of the plane of interaction between the physical and cyber-physical space, it is necessary
to improve or supplement the cyber-physical space, as well as the interaction layer. Today, almost
all parts of the model in Fig.2 are presented in one form or another as specific technological
solutions [31, 32]. The authors see only one element that has not been sufficiently developed in the
form of specific software and hardware solutions. This is the avatar of a service engineer or a digital
model of a service engineer in cyber-physical space. The experimental part of this study allows to
obtaining an avatar of a service engineer. It allows for recording the actions of a service engineer and
comparing them with the actual actions performed during repairs. Data suppliers for the development
of a service engineer can be special sensors [33, 34] or a machine vision system [35, 36], but the
main devices are wearable devices, the range of which on the market is quite wide — helmets [37],
glasses [38], vests [39] and even insoles [40].

The hypothesis of experimental part of this research is that to create a digital avatar of a service
engineer and implement a system for comparing real maintenance scenes, it is necessary and suffi-
cient to use a combination of devices: a smart glove and a wearable video camera (either a standalone
device or integrated into glasses or a hard hat). We emphasize that, despite a certain degree of readi-
ness, even existing solutions require certain upgrades. For example, at the physical level, when interacting
with social space, it is necessary to assess personnel’s readiness to use various technologies (cogni-
tive-psychological state when using wearable devices, adaptation to interaction with virtual experts,
advisory agents, increasing the degree of trust in these technologies), readiness to partner with robots
and drones, the availability of regulatory documentation, and ensuring industrial safety of facilities
when building a metaverse.

Experiments

Building an industrial metaverse is a resource-intensive process that defies a comprehensive
solution. The experiments demonstrate the implementability of only part of the proposed concept.
Specifically, they demonstrate the implementation of an avatar of the service engineer in the cyber-
physical space of the metaverse. A service engineer in cyber-physical space is defined as an infor-
mation model with different types of data: the service engineer's position in time and space during
repairs; the service engineer's actions and their sequence; and the types and methods of interaction
between the service engineer and the equipment.

The functionality of the industrial metaverse that can be realized with the implementation of
the cyber-physical avatar of the service engineer: generation and creation of maintenance and repair
instructions (using digital twins) and their issuance to the service engineer (AR, XR); verification
of instruction execution (sequence and correctness of actions); maintenance and repair logging
(recording, manual input, voice command, photo recording, video recording, neural interface);
assessment of the service engineer competence level; optimization of maintenance and repair
process; assessment of the psychophysical and emotional state of the service engineer during
maintenance and repair (Fig.3).

Figure 3 shows a workflow for obtaining a service engineer avatar in the cyber-physical space
of the metaverse.

To obtain an avatar of a service engineer in the industrial metaverse, three subsystems were
developed: a subsystem for determining the position of the service engineer in space, a subsystem for
obtaining information about maintenance and repair by processing a video sequence received through
a wearable video camera [41], and a subsystem for processing data coming from a smart glove [42].
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Fig.3. A workflow for obtaining a service engineer avatar in the cyber-physical space of the metaverse

The subsystem for determining the position of a service engineer in space can be implemented
in several ways, at least three. The first method is the simplest, using a locator beacon. The system
scans the position of a service engineer relative to the locator beacon. When a service engineer
approaches the beacon, the service engineer is within the equipment's service area [43]. The second
method is the use of spatial computing (via augmented reality glasses) [44]. The third method is
via ZigBee modems [45], for example, using ToF and RSSI methods [46].

Below is the pseudocode for the system's operating algorithm:

Algorithm 1. Get a service engineer avatar in the cyber-physical space of the metaverse.

Output data. Object coordinates (Xob, Yob, Zob), instruction list (a: ... a,), mode (collaboration, glove, video).

Step 1. Determine the service engineer's position in space (X, Y, 2).

Step 2. Check whether the object coordinates match the service engineer's coordinates — Step 1.

Step 3. Accuse hand coordinates and signals from tactile sensors.

Step 4. Check if the mode is collaboration mode — Step 8.

Step 5. Calculate the probability for each class using the video processing system (pSa; ... pSan) and the glove
signal processing system (pGas ... pGan).

Step 6. Determine action 3a, €N, max(pSa; ... pSa., pGai ... pGay).

Step 7. Output data an, t, where a, — action from input instruction list, t — current time (timestamp).

Step 8. Check if the mode is glove mode — Step 11.

Step 9. Calculate the probability for each class using the glove signal processing system (pGas...pGan).

Step 10. Determine action 3a, €N, max(pGa; ... pGa,) = Step 7.

Step 11. Check if the mode is video mode — Step 4.

Step 12. Calculate the probability for each class using the video processing system (pSas ... pSan).

Step 13. Determine action 3a, EN, max(pSa; ... pSa,) = Step 7.

While solving the same problem, subsystems can be used to label data during model training.
For example, a trained video processing subsystem divides the data into specific stages, labeling them,
and this information is then used to train a glove signal processing subsystem, and vice versa.

To create a classification model for two processing subsystems, several feature extraction
methods were selected and subsequently used for training. Feature extraction significantly improves
the quality of time series classification, allowing the model to focus on the most important parts
of the data [47]. The wavelet transform method, whose values are characterized by the entropy and
energy of the wavelet transform coefficients, was used as a feature extraction method, as well as
the calculation of statistical parameters of the time series.
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For the video processing subsystem, a dimensionality reduction unit was additionally added.
The 42 time series at the input of the dimensionality reduction unit were transformed into
12 time series, 10 of which are the Euler distance between the fingertips and key points of hand
N 2, 3,5,9, and 17. Two time series are the area of the figure formed by each hand of the service
engineer.

Results

The replacement of the lip seals during maintenance and repair of a centrifugal pump is carried
out in the following sequence: removing the protective covers of the coupling; removing the half
coupling; removing four nuts from the screws; disconnecting the engine. The following technological
operations were used to check the operability of the glove signal processing subsystem: removing
and installing the nuts securing the main parts of the pump; loosening and tightening the screws
securing the protective cover of the pump electronics unit; recording values in the repair log — recording
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Fig.5. Confusion matrix: a — for method Elastic Ensemble (accuracy train = 0.99, accuracy test = 0.625);
b — for method Rocket (accuracy train = 1, accuracy test = 0.7)

a short word (parameter value) and recording a long word — recording the features of the repair
being performed. The video processing subsystem was not tested, because its description was given
earlier [41]. For the experiments, the following classes were determined: class 1 — removing nuts,
class 2 — installing nuts, class 3 — loosening a screw, class 4 — tightening a screw, class 5 — recording a
short word, class 6 — recording a long word. Figure 4 shows the signal received from five glove sensors.

As Fig.4, a shows, the data was divided into 11 areas. The initial labeling areas L2, L4, L6, L8,
and L10 were revealed as significant. During the servicing, it was additionally recorded that the ser-
vice engineer removed the nut four times instead of five. Accordingly, one of the regions was identi-
fied incorrectly. The video processing system was also launched. Using this system's data, it was
determined that region L8 had been labeled incorrectly and that data from regions L2, L4, L6, and
L10 should be used for training.

In Fig.4, b, the initial labeling revealed significant regions L2, L4, L6, L8, and L10. The video
processing system was also launched. Further verification revealed that all five regions were identi-
fied and labeled correctly. Thus, data from five regions was added for training.

Figure 5 shows the results of training the AutoML model using algorithms without prepro-
cessing. The Aeon package and two of its methods suitable for processing multivariable time
series data — Rocket [48] and Elastic Ensemble [49] — were used for training. The accuracy values
for the Elastic Ensemble training set were 0.99, for Rocket — 1.00, and for the test set — Elastic
Ensemble — 0.625, for Rocket — 0.7.

The results obtained during training demonstrate, on the one hand, easy trainability, distinguisha-
bility, and satisfactory performance on the task. As can be seen in Fig.5, on the test set, the model
most often confused classes are 5 and 6 — “recording a short word” and “recording a long word”. On
the other hand, we see signs of overfitting, specifically high performance on the training set and lower
performance on the test set. To improve results, it is necessary to perform preprocessing transfor-
mations of the time series data and additionally apply feature extraction methods to the algorithms.

Figure 6 shows a plot of class distinguishability after applying feature extraction methods.
Figure 6, a shows class 1 for datasets 0 and 1, and Fig.6, b shows class 2 for datasets 70 and 71.
Despite the classes being very similar in the nature of the actions performed, they are visually distin-
guishable from each other and similar internally.

The model using feature extraction methods trained perfectly on both the training and test sets,
with an accuracy of 1.00.
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Figure 7 shows the contribution of each feature (the top 20), based on the values of which
the model obtained the results. It should be noted that the fingers in the study were coded as follows:
1 —thumb, 2 — index, 3 — middle, 4 —ring, 5 — little finger. It is noteworthy that the index and little
fingers made it into the top 10.
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Further analysis of such information can help determine the qualifications, work characteristics
of the service engineer and other useful information.

Discussion

Building an industrial metaverse is an important task and provides a foundation for the future
development of an industrial enterprise. However, it is important to remember that many solutions
have been developed that can be integrated and adapted into the industrial metaverse concept.
The collaboration of new and existing solutions and their use within a single conceptual framework
should bring profit to the enterprise and open new horizons for production operations.

An example of the new solutions discussed in this article is the creation of a service engineer
avatar for use in cyberspace. Integrating the service engineer avatar and its interaction with digital
twins of equipment will take an industrial machinery repair and maintenance to a new level.

The experimental part of the study demonstrates the development of only a part of the industrial
metaverse for an industrial machinery repair and maintenance. Further work can be focused on
various directions, but the most interesting is the following workflow for creating an industrial
metaverse: development of a subsystem for monitoring the position of a service engineer in space
(especially simplified methods, for example, based on ZigBee network data), development of automatic
maintenance and repair scenarios and work plans for the maintenance and repair system, development
of a system for evaluating the maintenance and repair system's actions, development of methods for
machine-human interaction during maintenance and repair processes, development of methods for
optimizing maintenance and repair processes, adaptation of digital twins for use in the industrial
metaverse, and verification of the full concept of implementing an industrial metaverse for an indus-
trial machinery repair and maintenance. The extensive plan for further work clearly demonstrates that
this work is the initial stage in the construction of an industrial metaverse for the maintenance and
repair process.

We emphasize that the smart glove and wearable video camera represent the minimum set of
wearable devices that can be used to determine the actions of the service engineer during maintenance
and repair. The list of devices and the data obtained from them can be expanded, provided that their
data expands the existing functionality. The specified devices and the data obtained from them are
sufficient for the presented functions.

When implementing an industrial metaverse, it is necessary to consider potential scaling issues
with these solutions. Such issues may include network limitations when using a large number of
devices, an exponentially increasing load on the system computing nodes (however, the modularity
inherent in the conceptual model will allow for parallelization of computations), and low reliability
characteristics of wearable devices, especially when operating in the field.

At all stages of building an industrial metaverse, information security issues must be additionally
considered [50]. The interactions of physical space and its operation in unified layers with cyber-
physical and social space raise the major issue of information security. The use of new approaches,
network protocols, and modern cybersecurity principles (e.g., zero trust security [51, 52], etc.) is key
to building an industrial metauniverse. However, it is important to remember that these technologies
introduce adjustments to established principles and may require significant changes to the network,
software, and hardware implementation of the proposed solutions.

Conclusion

A concept for building an industrial metaverse presents in this article. The applicability of
this concept to an industrial machinery repair and maintenance is demonstrated. The analytical
section reveals that this process offers the most promising initial approach to building an indus-
trial metaverse. Three types of spaces — physical, cyber-physical, and social — are considered
for the industrial metaverse, as well as the interaction layer between them. When considering
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the industrial metaverse in terms of physical and cyber-physical space, it is necessary to develop
missing technological solutions, such as solutions for creating a service engineer's avatar in
the cyber-physical space. The experimental section of the study demonstrates that two types of
wearable devices — a wearable video camera and a smart glove — are necessary and sufficient for
creating an avatar. The process of creating models for comparing data obtained from wearable
devices and the work performed by a service engineer is considered. Current developments
and future research will reduce costs and maximize profits not only during the operation of
the finished “industrial metaverse” product, but also during its development. The company’s
transition to Industry 5.0 through Industry 4.0 will enable a new level of production. A key step
in implementing new technologies is assessing their readiness and adaptability to existing
production realities. Informed decisions, avoiding blind adherence to new trends, ensuring infor-
mation security, and understanding the global nature of processes during the transition to a new
industrial era are essential components of digital transformation.
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