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DIGITAL TWIN IN THE STRUCTURE OF THE MODERN EDUCATIONAL ENVIRONMENT

In today's world, the advantage of digital twins is the ability to create copies of various physical objects, systems or learning
environments, etc. This is especially true in engineering disciplines, where models of digital twins of a given accuracy provide
research and experimentation without physical risks and significant financial costs. In the context of the educational environment,
this means ensuring the effective functioning of virtual educational laboratories equipped with real equipment. The article develops
an educational environment using a digital twin of a SMART laboratory, which functions as a cyber-physical system with end-to-
end integration of a sensor network, actuators and a virtual model of the room. The purpose of the work is to theoretically
substantiate and experimentally verify the educational environment, that includes a digital twin, focused on improving energy
efficiency, comfort and safety of educational spaces. The methodological basis of the study includes system analysis,
mathematical modelling of microclimate dynamics, as well as imperative control logic using typical regulators.

Within the framework of the proposed architecture, a microclimate model has been developed that combines the subsystems
of monitoring, forecasting and adaptive control. Actualization of the real and virtual state is carried out in real time, which provides
the possibility of preliminary testing of control actions and assessment of their impact without risk to the material base. A series
of simulations and experiments confirmed the ability of the developed system to reduce resource consumption and stabilize
microclimate parameters under the influence of external disturbances. At the same time, the system maintains pedagogical
flexibility, supporting various formats of organizing the educational process.

The obtained results testify to the scientific novelty of the proposed approach, which consists in combining models and control
systems with educational scenarios in a single software environment. The practical significance of the work is determined by the
possibility of scaling the developed solution to other types of laboratories and academic disciplines, as well as the promoting the
formation of digital competencies of future specialists in the field of information technology and cyber-physical systems.

Keywords: educational environment, SMART laboratory, digital twin, monitoring, KPIs, microclimate.

AMS 2020 classification: 68M99, 28-04, 93B45, 93C05.

Introduction

Digital twins (DTs) are one of the key technologies of the modern cyber-physical paradigm, enabling the integration of a
physical object with its virtual representation in real time. They allow monitoring, forecasting, optimization, and management
of objects and processes based on the constant interaction between physical and virtual environments (Thelen et al., 2022).
This technology has become widespread in industry, energy, medicine, transport, as well as in Smart environments.

In Smart Home systems, DTs enable the effective solution of tasks related to automatic control of climatic conditions,
energy consumption, safety, maintenance of engineering systems and ensuring a comfortable environment for residents.
They function as an integration platform that integrates data from different sensors, analytical algorithms, and decision-making
systems in real time. The use of digital twins in such systems allows you to optimize resource consumption, increase the level
of comfort for users and ensure a prompt response to changes in the environment. At the same time, the use of DTs in the
learning environment, including for building Smart labs, has a number of specific requirements. Specifically, there is a need
to simulate typical educational processes, ensure the interaction of students with virtual and real equipment, the ability to
scale experiments and provide a safe environment for learning. In this context, the digital twin acts not only as a means of
automation, but also as a didactic tool for the development of digital, analytical and engineering competencies.

In the current conditions of digitalization of education, there is a need to introduce new forms of organization of laboratory
practice, focused on accessibility, personalization and flexibility of the educational process. This problem becomes especially
relevant in connection with the development of distance and hybrid learning, when direct access to physical laboratory
equipment is limited. DTs enable the educational process to be implemented the educational process in the format of an
interactive simulation that reproduces real conditions and provides real-time feedback. In addition, the introduction of DTs in
training laboratories contributes to increasing the efficiency of the use of educational, technical and energy resources, which
is especially important in the context of sustainable development and rational consumption. In particular, due to the integration
with the engineering infrastructure of the premises, it is possible to implement the control of microclimate, energy consumption,
security and technical diagnostics systems in an automated mode.
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This approach is consistent with strategic documents, including the European Union's Digital Education Action Plan
(2021-2027) (European Commission, 2023), which aims to develop high-quality, inclusive and accessible digital education in
Europe. Itis also in line with the Strategy for Digital Transformation of Education and Science of Ukraine (Ministry of Education
and Science of Ukraine, 2025a), which provides for the modernization of educational infrastructure and the introduction of
digital technologies into the educational process. In addition, the initiative is in line with the objectives of the Horizon Europe
program, which supports research and innovation in the field of digital learning and the development of digital competences
(the general objectives of the Horizon Europe program are confirmed in the context of Ukraine's innovation activities, in
particular, in the Digital Development Strategy for Innovation until 2030 (Ministry of Education and Science of Ukraine, 2025b;
Diia, 2025). These documents emphasize the importance of integrating digital technologies into the field of education to
ensure its quality, accessibility and compliance with the modern requirements of the digital society.

The article considers the conceptual foundations of creating a digital twin of the Smart Laboratory, proposes the
architecture of the model, and identifies the key technical, software and educational aspects of its implementation in the
educational environment of a higher education institution.

The purpose and objectives of the study are the development of an educational environment in the form of a cyber-physical
SMART laboratory focused on ensuring the adaptive, safe and resource-efficient functioning of the learning space, as well as the
formalization and implementation of DT as a key tool for modeling, monitoring and supporting real-time decision-making.

The object of research is an educational SMART laboratory with laboratory equipment and technical means of
automation.

Building a digital twin begins with the choice of architecture (Sai et al., 2024). They are usually multi-level. The literature most
often considers the following five levels: Reference Architecture Model for Industry 4.0 (RAMI 4.0) (Junior, 2025) (Tab. 1).

Table 1
Levels of CD architecture
Level Function Technologies/Facilities Literary sources
Physical Layer Real physical objects that will have Sensors, controllers, actuators, boards (Herrero, & Dasari, 2025;
a digital twin Hu et al., 2021; Piromalis,
& Kantaros, 2022)
Communication Data transfer between physical Protocols: MQTT, OPC UA, Modbus, Wi-Fi, (Kober et al., 2024;
Layer devices and the digital layer UsSB Raza, et al., 2024)
Digital Model Digitized attributes, metadata, JSON/XML, Digital Twin Model (DTDL), (Schlenger et al., 2025;
Layer semantics of objects Device Description Language (DDL), RDF, Ramonell, Chacén, & Posada,
OWL, SPARQL 2023; Xia et al., 2022)
Cyber Layer Calculations, algorithms, big data, Cloud/on-premises computing, uses (Xie et al., 2025;
risk management, optimization and scalable and distributed computing Gautam et al., 2025; Delgado,
predictive analytics technologies such as AWS, Azure & Oyedele, 2021).
Databricks, Hadoop and Google Analytics,
Al models, rule engines, stimulators
Application User interfaces, analytics, LMS, Web Ul, Analytics Panels, REST API (Saif, RazaviAlavi, & Kassem,
Layer visualization, interaction with the 2024; Tuhaise,
educational environment Tah, & Abanda, 2023)

It should be noted that each of the considered layers can have its own implementations in the DT SMART laboratory. The
Physical Layer may contain sensors specific to SMART buildings (Peldon et al., 2024; Huang, Zhang, & Zeng, 2022), power
supplies, oscilloscopes, mockups of instructional circuits, etc. The Communication Layer provides data transfer to the
backend. The server (physical, cloud, or edge — depending on the application) is responsible for the complete DT simulation,
including data collection, processing, and analysis, as well as performing calculations that support decision-making processes
and providing services to users (Weil et al., 2023). The Digital Model Layer typically focuses on the digital representation of
objects and the establishment of semantic relationships. Ontologies are prevalent in scientific literature for working with large
arrays of heterogeneous data. Their advantages include: describing complex objects, such as digital twin components, by
formalizing their structure (classes, properties) and interrelationships; ensuring integration with Al; and the fact that most
ontologies are based on open standards and languages (OWL, RDF), which significantly facilitates their integration into cross-
platform systems (Vlasenko et al., 2022; Lutska, et al., 2022). The digital layer provides a virtual representation of physical
objects by formalizing their geometric and other properties in a digital format that can be stored and managed on a variety of
electronic media. In contrast to the Digital Model Layer, the Cyber Layer utilizes scalable and distributed computing
technologies. The SMART lab's DT Application Layer can be responsible for the user interface, graph viewing, tasks, progress
analytics, and more (Van der Valk et al., 2024).

Depending on the tasks set at different stages of construction and levels of DT, different models are used to describe
approaches to its creation, structure and functioning. Among the most used models are the following:

e mathematical models that are built on the basis of physical laws, material, energy balances, etc. (Jia et al., 2024; Nezzi
et al., 2025);

¢ data-driven model based on statistical data, ML algorithms that learn on historical/real data (these include regressions,
neural networks, decision trees) (Beke et al., 2021);

¢ hybrid models that combine mathematical models and machine learning, which improves adaptability and increases
accuracy (Lu et al., 2024; Yu, Liu, & Li, 2020; Luo et al., 2020);
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¢ agent-based models, which consist of a set of autonomous agents with certain behaviors, rules, and interactions (Pretel
et al., 2024);

¢ ontological models to describe the semantics of objects (Ropero, 2022);

¢ Knowledge graph-based models for representing DT as nodes and edges (Meyers et al., 2022).

The ISO 23247 series of standards forms a common glossary, conceptual model and multi-layer digital twin architecture
for production systems, describing domains, entities and data flows throughout the full lifecycle of assets, thereby ensuring
unified data exchange between physical and virtual components of production. According to a systematic review (Semeraro
et al., 2021), such standardization enhances interoperability, simplifies the integration of IoT devices and enables real-time
predictive maintenance and process optimization, and generalized analysis (Sharma et al., 2022) demonstrates additional
benefits, including improved simulation accuracy, reduced design time, and support for physics-data-analytics feedback-
based decision-making. In addition, the review (Javaid, Haleem, & Suman, 2023) confirms that the application of ISO 23247
minimizes the risks of testing new process scenarios and contributes to the safe transfer of the developed models to
production lines. At the same time, the authors of these works and practitioners note a number of shortcomings: the focus of
ISO 23247 mainly on the discrete manufacturing sphere, incomplete coverage of cybersecurity and semantic interoperability
issues, as well as significant implementation costs and high staffing requirements, which limits the scaling of the standard to
cross-industry ecosystems and small and medium-sized businesses (Wallner et al., 2023).

Building digital twins for educational laboratories has its own characteristics related to the educational context of their use.
In such laboratories, it is important not only to ensure technical integration with physical devices and engineering
infrastructure, but also to create conditions for simulating various experiments, accumulating and analyzing data, and
interactive interaction of students with the laboratory environment. The DT of the training laboratory acts as a platform for the
development of competencies in the field of the Internet of Things (IoT), automation, analytics and cyber-physical systems,
contributing to the approximation of the educational process to the real conditions of modern engineering activities.

In the investigated educational lab, which is integrated with loT technology, it is intended to monitor and maintain a wide range
of variables to ensure effective, safe and adaptive educational interaction. These variables can be collected in real time, simulated
with the digital environment, compared with DT model data, output to the digital interface of the system, providing visualization, fault
forecasting, process adaptation and remote access to the laboratory. The laboratory model as part of the digital twin also has a
simulation interface to study its features. To provide feedback from the model, elements of recommendations and forecasting are
used, which are aimed at improving the key performance indicators (KPIs) of the laboratory.

1. General system architecture

To build a conceptual model (Fig. 1) of the educational digital environment, it is necessary to consider and analyze the
physical and virtual components. The Physical World includes the object of study: an educational SMART laboratory equipped
with sensors (measuring parameters affecting room comfort and safety), along with equipment and actuators that influence
the efficiency of its functioning. External factors affecting the facility's operation include equipment usage, the presence of
students and teachers in the lab, and the weather. The components of the Physical World interact with the virtual component.

The Virtual World comprises External Systems that ensure enhanced functionality and interaction between the DT and
the Physical World. These External Systems include network exchange protocols between sensors and the digital
environment, such as MQTT (running on TCP/IP) and Modbus, as well as databases. The DT itself consists of three main
components: a Data Manager (which receives heterogeneous data from sensors or the Monitoring system), a Models
Manager (which includes a mathematical model of the object), and a Services Manager (responsible for managing DT
functions). Within the DT structure, in addition to the virtualization module, a component responsible for coordinating the
physical and digital environments is implemented.

The collection and transmission of data from real sensors to the processing system is provided through the Monitoring
Manager. Based on the collected information, the Decision-Making Manager generates appropriate actions that are
transmitted to the level of executive devices. The Simulation Manager, in turn, is responsible for creating and maintaining
simulation scenarios in a virtual environment. In this work, the implementation of the monitoring and DT subsystems is
performed by the Node-RED tool for visual programming of data streams (Savchenko et al., 2025).

In terms of the RAMI 4.0 reference model presented in Tab. 1, the Physical World corresponds to the Physical Layer,
including sensors, actuators, and laboratory equipment. The communication between physical devices and the DT
infrastructure is implemented at the Communication Layer. The Models Manager represents the Digital Model Layer, while
the computational services for simulation, forecasting, and KPI evaluation correspond to the Cyber Layer. Finally, visualization
dashboards, user interaction tools, and learning interfaces belong to the Application Layer.

Thus, the developed architecture reflects the bidirectional integration of Physical World (laboratory equipment, sensors,
actuators) and Virtual World (Data, Models, Services Manager), complemented by external factors and components of the
educational digital platform (Fig. 1).

2. External data sources

The paper examines environmental and safety variables in the educational Smart Laboratory, which affect both the
comfort and safety of staying in the room, and the efficiency of laboratory equipment. Data is collected by sensors and
transmitted to a single digital environment in real time for visualization, analysis and adaptation of working conditions. Safety
indicators are critical for protection of users and equipment. They allow you to quickly respond to emergencies, prevent
accidents and keep an event log for audit. For each variable, the terms of reference are given: task, devices, control influences
and operating range (Tab. 2, 3).

3. Methodology for Environment Assessment Based on KPI Criteria

To ensure the safe, comfortable, and energy-efficient operation of the digital environment, a multi-criteria system for
assessing the condition by key performance indicators (KPIs) is proposed. A reasonable choice of criteria is based on modern
regulatory documents [DSanPiN, ISO, WHO] and practical requirements for the microclimate and operational safety of
technical equipment.
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Fig. 1. A library’s DT architecture
Table 2
The main variables affecting the comfort and safety of staying in the room
Variable Problem statement Sensor type Control actions Regulatory limits
Air Ensuring a comfortable Temperature sensors Ventilation, air +20...+24 °C (winter),
temperature microclimate and preventing conditioning, notification +23...+26 °C (summer)
overheating of equipment control
Air humidity Humidity control for electronics Humidity sensors Switching on the Optimal: 40-60%,
accuracy and comfort humidifier / ventilation, acceptable: 30-70%
logging
lllumination Providing the appropriate level of Light sensors Lighting adjustment, 300-500 lux
lighting for visual work automatic on/off (general works),
> 500 lux
(precision works)
Air quality Monitoring CO,, dust, and volatile Air quality sensors Ventilation control, CO,: <1000 ppm;
organic compounds (VOCs) to alarms, logging TVOC: < 500 ppb;
provide fresh air PM2.5: < 25 pg/m?
Noise (sound Noise control for a comfortable Acoustic sensors Noise fixation, alarm, Up to 50 dB (normal for
pressure) learning environment logging classrooms)
Vibration Detection of vibrations of Vibration sensors Emergency shutdown, <0.005-0.012 m/s?
equipment or structures alarm, logging (depending on
equipment sensitivity)
Table 3
Main variables affecting the efficiency of equipment
Variable Problem statement Sensor Type Control actions Regulatory limits
(Examples)

User presence

Tracking the entrance to the

laboratory within the allowed

time. Ensuring the safety of
equipment operation

Motion sensors

Presence logging,
signaling in case of
violation of access mode

User access only at allowed times

flame control

hazards

flame detectors

Overheating of Overheating detection to Temperature Notifications, Auto The temperature should not
equipment prevent equipment failure sensors Shutdown, Logging exceed 70-80 °C (depending on
the equipment)
Short circuit Monitoring of the power grid to | Current/Voltage Emergency shutdown, The current and voltage should
(overload) avoid emergencies Sensors alarm, logging not exceed the permissible values
for the equipment (usually
10-16 A and 180-250 V)
Smoke and Prompt detection of fire Smoke and Emergency Power Off, The presence of smoke or flames

Alert, Alarm

is a critical situation

The following KPIs were identified in the work:
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v' The comfort index (Comfort Index) determines how the environmental parameters correspond to those recommended
for normal human activity. The set of controlled variables includes:

e air temperature (T, °C): recommended range of 20-26 °C;

e relative humidity (H, %): recommended range of 30—60 %;

e light level (L, Ix): at least 300 lux;

e air quality (CO, level, ppm): CO,: <1000 ppm;

e noise level (N, dB): up to 50 dB;

e vibration level (V, m/s?): up to 0.005 m/s?.

Assessment is carried out according to the formula:

6
Comfort Index = %Z 6; - 100,
i=1
where
5 = {1, if the variable i is within the standard
¢ 0, in other cases.

Thus, the maximum value Comfort Index is 100 (perfect comfort), and the minimum is 0 (complete non-compliance of
the conditions with the norms).

v' The safety index (Safety Index) reflects the compliance of the technical condition of the environment with the criteria
of electrical safety and fire safety. Contains controlled variables:

e temperature of equipment surfaces (T_dev, °C): up to 70 °C;

e consumption current (I, A): up to 16 A;
voltage (U, V): in the range of 180-250 V;
o flame detection sign (F): Boolean signal.
The safety index is defined as:

4
1
Safety Index = Zz o; - 100,

j=1
where
o = {1, if the variable j is in safe range
¢ 0, in other cases.

This index is also normalized in the range from 0 to 100, where 100 means full compliance with all safety requirements.

v' The Energy Efficiency Index (Ef ficiency Score) reflects the ability of the system to consume electricity economically,
in particular, during non-working periods. It takes into account:

e presence of personnel in the room (presence, Boolean signal);

e current energy consumption by lighting, temperature and equipment load.

The efficiency index is calculated as:

P Ewaste
Efficiency Score = (1 — P—-I-s) -100,
where is a small number to avoid division by zero. € = 0.001.
Power consumption P is estimated as:
U1
P=Too0

where U is the voltage (V), / is the current (A) and P is the power in kW.
Energy losses are defined as the weighted sum of consumption components when staff are absent:

Eyaste = Z wy - (1 — presence),
k

where w,, € [0,1] are the weighting factors for temperature, lighting, and consumption.
The Digital Twin dynamically adjusts the importance of specific criteria by modifying the weighting factors wk. For the
practical implementation within the platform, three fundamental distribution profiles are defined:

e a profile with safety priority (w¢emp = 0.6, Wiigne = 0.2, Weons = 0.2);

e a profile with resource-saving priority (weemp = 0.2, Wiigne = 0.2, Weons = 0.6);

® 0.33, wyigne = 0.33, Weons = 0.34).

These values ensure the adaptability of the assessment model to different operational modes of the SMART laboratory.

The weighting coefficients satisfy the normalization condition Y, w, =1 and can be modified to reflect alternative
pedagogical or operational strategies.
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The general condition of the laboratory is determined by the number of critical deviations:

stable, if criticalCount =0
Overall Status = {warning, if 1 <criticalCount <3
critical, if criticalCount > 3,

where criticalCount is the number of indicators that have gone beyond the standard.

The proposed methodology for evaluating KPls is distinguished by its versatility and scalability, which allows it to be
applied in different types of environments. It combines technical and human comfort indicators, providing a comprehensive
assessment. In addition, the approach is open to integration with modern monitoring and optimization systems, in particular
based on loT, artificial intelligence and energy audits.

4. DT Model

For the DT model, a discrete dynamic structure in the space of state variables with constant coefficients is chosen. Such
a model provides flexibility in analysis, simplifies calculations and increases system stability, allowing for its effective
adaptation the model to different scenarios. This approach also improves forecasting accuracy and process optimization due
to its clear mathematical framework, making it a convenient tool for exploring and managing complex dynamical systems.

The model of the microclimate of the laboratory is presented in discrete time in the form of a system of difference equations
of the type:

x[k + 1] = Ax[k] + Bul[k] + Ed[k], (1)

ylk] = Cx[k],

where:

x[k] is the vector of states at the time k (x,[k] is the air temperature in the room, °C; x;[k] — relative humidity, %; x,[k] —
illumination, Ix; x5[k] — CO; level, ppm; x,[k] — noise level, dB; x;[k] — vibration, 107> m/s?;

ulk] — vector of control actions ( uy[k]— air conditioning (cooling) (0 — 10), u,[k] — ventilation (0 — 10), u,[k]- humidifier
(0 —10), us[k] — lighting (0 — 10);

d[k] — perturbation vector (external conditions): dy[k] — external temperature, °C; d,[k] — external humidity, %; d,[k] —
natural light (sun), Lux; d;[k] — number of people in the room; d,[k] — street noise, dB;

y[k] — system output (measurement);

A, B,E,C —coefficient matrices: A — internal dynamics; B — influence of control actions; E — the influence of external factors;
C — matrix of outputs/measurements.

The following values are used as initial values for these matrices (I — unit matrix):

0.92 0.03 0 0.01 0 0 —-04 —-02 0 O
0.02 0.90 0 0.01 0 0 0 —-01 03 O
4=l O 0 095 0 0 0l g=| 0 0 0 05
0.01 0.02 0 091 0 or 0 -05 0 O !
l 0 0 0 0 0.96 OJ 0 0 0 0
0 0 0 0 0.01 0.90 0 0 0 0
025 0 0 0.3 0
0 02 0 02 0
10 0 0.3 0 0
E=lo1s 01 0 o5 of ¢ e
0 0 0 0 03
0 0 0 0 0.2
Initial state:
22.00C
45.0%
_ 400 lux
x[0] = 800 ppm
45.0dB

0.006 m/sec?

The structure of the model was determined on the basis of a preliminary analysis of the physical relationships between
parameters (the effect of temperature on humidity, or the number of people on CO,). The coefficients of the dynamics model
matrices (4, B, E, C) were taken from the scientific literature and a priori assumptions based on the typical behavior of similar
systems. Their values are consistent with theoretical principles and can be adapted to specific conditions (Yao et al., 2013).
The initial conditions of the model were set on the basis of typical values characteristic of the laboratory environment, which
allows obtaining plausible results already at the initial stages of the simulation. However, given the theoretical nature of the
parameters, they can be clarified in the process of calibrating the model for specific experimental data collected in the process
of work. Thus, such a DT model is a rapid implementation model that will be further identified/calibrated through operation or
student training.

5. Algorithm for optimizing resources and comfort

The algorithm for improving resource efficiency and safety in the SMART laboratory is based on the integrated application
of a digital twin (DT), which acts as a virtual model of the environment with the ability to predict, simulate scenarios and assess
the impact of control actions before their implementation in physical space.
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The main stages of the algorithm (Fig. 2):

1. Synchronized monitoring of the state of a physical object. All sensors send data to Monitoring Manager sensors, where
pre-processing (filtering, normalization, time alignment) is performed. Data is duplicated in DT Data Manager, maintaining its
up-to-date virtual state in real time.

2. Evaluation of quality indicators (KPIs). DT analyzes current variables and calculates three main indicators: Comfort
Index — a generalized characteristic of microclimate favorability; Safety Index — an indicator of approaching dangerous modes
(exceeding temperature, overloading power lines, etc.); Efficiency Score is the ratio between energy consumption and the
achieved levels of comfort and safety.

3. Forecasting based on the DT model. DT simulates the development of events for the next few steps, taking into account
the current state space (x;[k],...,xs[k]) and perturbations (d,[k],..., d4[k]) and current control actions (u,[k + 1],...,uz[k +
1]), behavioral patterns of laboratory use (presence of people, equipment activity). This forecast allows you to assess whether
KPIs are expected to fall below critical thresholds and take action in advance.

4. Formation of recommended control actions. In case of detecting trends towards deterioration of conditions, the system
generates recommendations through the DT model to optimize operation: changing the intensity of ventilation, heating or
lighting; activation/deactivation of certain areas of the laboratory; switching the system to energy-saving mode in the absence
of people. These actions are pre-simulated in DT, and only those that show an improvement in KPIs without deteriorating
other indicators are suggested to the operator or applied automatically.

5. Implementation and monitoring of results. After implementing the recommended actions, DT conducts a performance
analysis (before/after), updates the scenario database and forms new templates for successful configurations, this allows for
improving the quality of recommendations over time based on accumulated experience.

It should be noted that the DT model takes into account which work scenario is activated (real, simulated, mixed) and
automatically changes the weight of KPIs in the priority system. In particular, for a real scenario, safety is prioritized; for a
simulated scenario, energy efficiency is prioritized; and for a mixed scenario, a balance among all indicators is maintained.
Thus, there is an adaptation to the educational scenario.

Therefore, DT acts not only as a visualizer or a virtual copy of the laboratory, but as an active element of the decision support
system. It provides behavior prediction, virtual testing of actions, assessment of efficiency without risk to the physical object, which
significantly increases the safety, reliability and energy efficiency of the educational environment of the laboratory.
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Fig. 2. The main stages of the control algorithm
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6. Research results

Within the framework of this work, the educational environment is considered as a cyber-physical system. This system
integrates the integration of physical objects (equipment, laboratory installations, sensors) and digital components (models,
interfaces, analytical services) aimed at supporting the educational process. Such an environment not only reproduces the
real conditions for the functioning of the laboratory space, but also serves as a tool for the development of digital competencies
in students, in particular, in the field of information technology, IoT, data analytics, systems management and engineering
thinking. The proposed architecture of the digital twin architecture for the laboratory covers all the key components of the
educational environment: physical infrastructure, communication channels, virtual models, analytical algorithms, and user
interfaces. In this paradigm, the educational environment becomes adaptive, context-sensitive, and focused on optimizing the
learning process, thereby providing flexibility, accessibility, and personalization of educational interaction.

The developed DT SMART laboratory system was tested in simulation conditions with the involvement of real microclimate
and safety parameters, as well as in the context of the implementation of the educational process. The results of the study
showed the effectiveness of the selected architecture, control algorithms and approaches to resource monitoring.

Figure 3 demonstrates an online visualization of raw measurements with time graphs, deviation indicators, and color-
coded risk levels, which facilitates the quick identification critical trends.

The panel in Fig. 4 combines the calculated Comfort, Safety and Efficiency indices, warning messages. The drill-down
tools enable users to detail the contribution of individual parameters to the reduction of the generalized indicator.

Climatic parameters Security parameters Equipment parameters visualization
Start date: 08.06.2025, 10:36:11 Process duration: 00:02:52 Current time: 08.06.2025, 10:39:03
Air temperature, degree C 25 O Equipment temperature
Humidity, % 61 0ig

Equipment temperature 68 °C
Air quality, pg/m? 11.88 Current 15 A 68

0 B 100

Noise, dB 63 LT T
Vibration, m/s 0.0029 woltgs 21V Equipment temperature graphs

100

Emergency stop IO 75
Emergency Shutdown v 50 /\/\_//\/\/\/\/\/\/\’\/\/
Flame! fire
A EMERGENCY OFF 2

0
10:36:16  10:36:46 10:37:16  10:37:46  10:38:16 10:39:02

Fig. 3. Visualization Monitoring sensors Manager
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¢ Equipment Temp: safe =
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Fig. 4. Visualization Monitoring KPIs Manager

ISSN 1812-5409 (Print), ISSN 2218-2055 (Online)



~ 250 ~ B 1 C H U K KuiBcbkoro HauioHanbHoro yHieepcurety imeHi Tapaca LleBueHka

Figure 5 presents a fragment of the functional implementation of the DT SMART laboratory, developed in the Node-RED
environment. The model integrates three main logical components: the microclimate model, perturbation actions and control
actions, which are combined into a single computational flow with automatic regulation of environmental variables.
Specifically, the matrix calculations for internal dynamics (A), control actions (B), and external disturbances (E) defined in (1)
are handled by the 'Model: x = Ax + Bu + Ed' function node. This node performs discrete-time state-space integration at a 5-
second frequency, serving as the core computational engine that links the theoretical mathematical model with the practical
Node-RED data flow. This fragment simulates the dynamic changes in key microclimate variables such as temperature,
humidity, lighting, CO, concentration, noise and vibration levels based on the input variables, with subsequent transmission
of results to visualization and control nodes.

Temperature setpoint set_sefpoint Temperalure
PID temp
Lighting setpoint set_light_setpoint Humidity
Lighting PID-temperature regulation
5s loop U
Model: x = Ax + Bu + Ed CO: Set u0 from PID
Run Mode! Now Noise
prepare PID-light chart
Mode/l updated timestamp Vibration
Microclimate model Model Updated Indicator PID-lighting regulation
Set u3 from PID
Air conditioning (u0) set index u0
Control actions
= Ventilation (uf) set index ut
Setu
Check & Reset wid Air humidifier (u2) set index u2
Automatic adjustment

Lamplight (u3) set index u3
reset and show u/d Outside temperature (d0) °C set index do
Outside humidity (d1) % set index d1

Natural lighting (d2), lux set index d2 Setd

/ Number of people (d3) set index d3

Disturbing actions
Street noise (d4) dB set index d4

Fig. 5. Digital Twin Implementation

Disturbance inputs (d4,...,d,) are represented by signals which include outdoor temperature, humidity, natural light, the
number of people in the room, and the level of street noise. These parameters can be entered manually or come from sensors,
acting as external disturbances. Control actions (u4,...,u3;) are responsible for operating actuators, specifically for air
conditioning, ventilation, humidification, and lighting. Control can be carried out manually through the "set index" functions or
automatically using PID controllers ("PID temperature controllers”, "PID lighting controllers"), which analyze the simulated
variables and generate appropriate control signals. The interconnection between the components demonstrates how DT
integrates simulation, data collection, control, and regulation into a single, interactive, real-time environment.

Figure 6 displays a visualization of the DT model's simulation screen. In particular, users can set external perturbations and
controls, then observe the predicted dynamics of state variables x, [k + 1],..., xs[k + 1] calculated according to equations (1).

Figure 7 demonstrates how automatic temperature and lighting controls compensate for perturbations and return variables
to standards, comparing system operation to a "no control" scenario.

Thus, DT integration with the laboratory's physical environment enables experiments, simulations, and real-time automatic
control.

Discussion and conclusions

In the context of implementing a DT for an educational laboratory, three primary scenarios for conducting lab work are
proposed:

1. Scenario of a real physics experiment with digital duplication: students work directly with physical equipment, with DT
carrying out parallel monitoring and analysis of indicators. This allows you to compare real and virtual data, get an advanced
view of the system's operation, detect obsolescence of DT model parameters, and automatically visualize and evaluate KPIs
in real time.

2. Simulated experiment scenario without physical access: Under distance or hybrid learning conditions, DT fully simulates
the behavior of the laboratory environment, allowing virtual experiments to be conducted, input variables can be modified,
simulation results can be observed, and analyzed according to training tasks.
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Fig. 6. Room climate simulation mode on the Digital Twin model
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Fig. 7. Simulation mode of the automatic adjustment system on the Digital Twin model

3. Mixed-type scenario with adaptive environmental control: combines elements of real interaction and virtual model with
the ability to control the microclimate, energy consumption and safety. Thanks to the use of DT, dynamic adjustment of the
working conditions is implemented in accordance with the context (presence of students, type of experiment, resource
constraints, etc.).

The proposed scenarios ensure the adaptability of the laboratory course to different learning formats, increase the
efficiency of resource use, and create a safe and stimulating educational environment. In addition, each scenario is
accompanied by an analytical block, which allows for continuous improvement of the methodology of conducting classes
based on the analysis of the collected data.

The developed system of the educational environment of the SMART laboratory was tested in simulation conditions with
the involvement of real microclimate and safety parameters, as well as in the context of the implementation of the educational
process. The pedagogical evaluation of the proposed digital twin-based laboratory environment was conducted during regular
laboratory classes in control systems and automation courses. The study involved 24 undergraduate students divided into
small working groups. The experimental tasks included microclimate parameter analysis, PID controller tuning for temperature
and lighting regulation (Fig. 7), and comparative analysis of system behavior under different disturbance scenarios. Data
collection was carried out over a two-week period, covering six laboratory sessions with repeated task execution in real,
simulated, and mixed scenarios.
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The results of the study showed the effectiveness of the chosen architecture, management algorithms and approaches to
resource monitoring. In this case, it is necessary to note:

1. Simulations using a discrete dynamic microclimate model and an automatic regulator showed that a system with a DT
is capable of:

— stabilize the temperature and humidity within the standard values within 2—4 minutes after a disturbance;

— react to anomalies in the safety system (exceeding the current or temperature of the equipment) within 1-2 minutes;

— to reduce the total electricity consumption by approximately 5.4-11.2 % with the same quality of control compared to
manual mode.

2. Average values of KPIs for the entire simulation period (7 days of continuous simulation):

— Comfort Index: 91 %

— Safety Index: 96 %

— Efficiency Score: 87 %

These values demonstrate the high quality of adaptive control and the consistency of all subsystem operations.

3. Within the framework of conducting classes according to three scenarios (real, simulated, mixed), the effectiveness
assessment was carried out according to the following criteria:

— Number, variability, and speed of task completion: In the virtual scenario, an average of 23 % less time was spent on
each task due to adjustable simulation time and the ability to work with saved data.

— Accuracy of measurements and repeatability of experiments. The use of DT reduced the variation of measurement
results to 5.2 %, which is half that of traditional approaches.

— Interactivity and adaptability. A mixed scenario that combines physical access to equipment with remote simulation is
the most effective for building analysis competencies and optimizing processes.

Thus, the DT integration into the educational space not only improves teaching quality but also ensures the flexibility of
the educational process, which is critically important in today's environment. Virtualization allows you to scale the laboratory
into different academic disciplines while maintaining the conceptual integrity of the environment. At the same time, further DT
improvement requires model expansion and the development of an ontological knowledge base to ensure semantic
interoperability between different types of laboratories.

Therefore, the study confirmed the feasibility and effectiveness of the developed system as both a technical and
pedagogical tool for higher education. The developed educational environment in the form of a SMART laboratory with
integrated DT is an example of the practical implementation of modern approaches to the digitalization of education. It
combines physical measurements, mathematical modeling, automatic regulation and visualization in a single software
environment. Such integration allows not only to effectively manage microclimate and safety indicators, but also creates
conditions for the active involvement of students in the educational process.

The DT acts as a key element of adaptive management, providing not only the current display of the environment's state
but also its forecasting, assessing the quality of the learning space using key indicators, forming recommendations for
improvement, and storing successful configurations for future use.

In contrast to industrial standards like ISO 23247, which often entail high implementation costs and require specialized
staffing, the proposed Node-RED-based environment offers a significantly more accessible alternative. Due to its open-source
nature and low entry threshold provided by visual programming, Node-RED allows students to interact with complex digital
twin structures without extensive coding knowledge. This cost-effective approach facilitates the scaling of SMART laboratories
in academic settings where budget and time for specialized technical training are limited.

The system's implementation in the open Node-RED environment has demonstrated the platform's technical accessibility
and flexibility, enabling the approach to be scaled to other educational laboratories. The implementation of DT also supports
flexible forms of learning, in particular, distance and mixed formats, which is extremely important in the context of modern
educational transformation. Overall, the proposed approach demonstrates a new level of interaction among the student, the
digital model, and the physical object, not only enhancing learning quality but also fostering the digital competencies
necessary for future specialists.

The results obtained prove the effectiveness of the concept and create the basis for scaling the approach to other types
of classrooms and for further research towards the ontological integration of DTs from different laboratories into a unified
educational ecosystem.
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'KniBcbkuit HauioHanbHWiA yHiBepcuTeT "Knueso-MorunsiHcbka akagemist”, Kuis, YkpaiHa
2HauioHanbHWUM YHIBEPCUTET XapuoBuX TexHornorin, Kuis, Ykpaina

3[lepxaBHUII TOProBeNbLHO-eKOHOMIYHUM YHiBepcuTeT, KuiB, Ykpaina

“KuiBCcbKuit HauioHanbLHMI yHiBepcuTeT imeHi Tapaca LUesueHka, Kuie, YkpaiHa

LUN®POBUNU ABIMHUK Y CTPYKTYPI CYYACHOIO OCBITHbOIO CEPEOBULLA

Y cyyacHomy ceimi nepeesazoro yughposux deiliHUKie € Moxsiueicmbs cmeopeHHs1 Konili pi3Hux ¢pizudHUx 06’ckmis, cucmem abo Hag4YaslbHUX
cepedosuu, moujo. Lje ocobnueo akmyanbHoO Ons iHXeHepHux ducyunniH, de modeni yugpoesux deiliHukie 3adaHoi mo4Hocmi 3abe3sneyyromb
npoeedeHHs docidxeHb ma ekcriepumeHmie 6e3 gizuyHUX pu3ukie i cymmeesux ¢iHaHcoeux eaumpam. Y KoHmekcmi oceimHbo20 cepedosuuja ye
O3Ha4ae 3abe3neyeHHs1 eheKmueHO20 hyHKUiOHy8aHHS eipmyanbHUX Hag4yaslbHUX jJabopamopill, OCHaueHUx peasibHUM 0671a8HaHHsIM.

Y npedcmasneHili cmammi po3pobneHo oceimHe cepedosuuje 3 8UKOPUCMaHHAIM yughposozo dsiliHuka SMART-nabopamopii, ujo ¢pyHKyioHye
K KibepghizuyHa cucmema 3 HaCKpPIi3HOK iHMezpayieto ceHCOPHOI Mepexi, BUKOHasg4YUX MexaHi3mie i eipmyanbHoi modeni npumiwieHHsi. Mema
po6omu — meopemuyHe o6rpyHmyeaHHsi Ui eKcriepuMeHmarsbHa eepudpikayisi oceimHbo2o0 cepedosuwa, wo Micmumsb yugposuli O8ilIHUK,
opieHmoeaHuli Ha nideuujeHHs1 eHepz2oegheKkmueHocmi, KomgpopmHocmi U 6e3neku Hae4anbHUX npocmopie. Memodosio2i4HO OCHOE0H
docridKeHHs1 € cucmeMHul aHaini3, MamemMamu4He MoOOesIl08aHHs1 QUHaMiKu MIKpOK/iMamy, a makoX imMnepamueHa Jiozika peayrnoeaHHs1 3
B8UKOPUCMaHHSIM MUMoeux pe2yssimopis.

Y mexax 3anpornoHoeaHol apximekmypu po3po6brieHo Modesib MiKpoKiiMamy, wio NoedHye nidcucmemu MOHIMOPUH2Y, MPO2HO3y8aHHs1 Ui adanmueHo20
KepyeaHHsl. AKmyani3auyisi peaslbHo20 ma eipmyasnibHo20 cmaHy 30iliCHIOEMbCS1 8 peasibHOMY 4aci, wo 3abe3nedye MoJ/ueicmb MonepedHLo020
mecmyeaHHs1 Kepytoyux Oili ma oyiHloeaHHs1 iXHbO20 ennuey 6e3 pusuky Onsi MamepianbHoi 6a3u. [lpoeedeHa cepis cumynsyili ma ekcriepumeHmie
niomeepdusna 36amuicmb po3pobiieHoi cucmemu 3MeHWyeamu Crio)XueaHHs1 pecypcie i cmabinizyeamu napamempu mikpoksiimamy 3a ymoe Oii 308HiWHIix
36ypeHb. BooHouyac cucmema 36epicae neda2oeiyHy 2Hy4kicmb, Nidmpumyroyu pisHi gpopmamu opzaHizayii Hag4asbHO20 rpoyecy.

OOdepixaHi pe3ynbmamu 3aceid4yromb HayKoey HO8U3HY 3arporioHOo8aHO20 Nidxody, Wo nosisi2ac 8 NoedHaHHi Mmodesiell i cucmem KepysaHHs 3
oceimHiMu cyeHapissmu e eOuHOMy npozpaMHoMy cepedoeuuwii. [fpakmuyHe 3HayeHHs1 po6omu eu3Ha4aembCsi MOXJiugicmro mMacumabyeaHHs
Po3pobrieHo20 piweHHs1 Ha iHWi munu nabopamopill i HagYyanbHi ucyuNiHU, @ MaKoX CIPUSHHAM (hopMy8aHHIO YugpPO8UX KOMIemeHmHocmedu
malibymHix ¢haxieuie y 2any3i iHgpopmayiliHux mexHonogil i kKiGepghisudHuUx cucmem.

Knw4yoBi cnoBa: oceimHe cepedosuwe, SMART-nabopamopis, yugpoeuti dgiliHuk, MoHimopuHz, KPI, mikpoknimam.

ABTOpU 3asBNAIOTb NPO BiACYTHICTb KOHANIKTY iHTepeciB. CNoHcopu He Bpanu yyacTi B po3pobneHHi AoCniaxXeHHs; y 36opi, aHanisi umn
iHTepnpeTaLii AaHVX; y HaNUCaHHi PyKonucy; y pilleHHi Npo ny6nikauito pesynbTaTiB.
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