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This article presents a systematic review of modern approaches to intelligent forecasting and
control of microclimate parameters in industrial environments within the context of cyber-
physical systems (CPS) development. The analysis covers classical control methods (PID),
heuristic techniques (Fuzzy Logic), machine-learning-based approaches, as well as neural
network architectures of varying complexity, including multilayer perceptrons (MLP), recurrent
models (RNN, LSTM, GRU), and nonlinear autoregressive neural networks with exogenous
inputs (NNARX). Special attention is given to the NNARX model as one of the most promising
solutions for short-term forecasting of microclimate parameters in inertial industrial ventilation
and thermal regulation systems.

The article highlights the specific aspects of integrating forecasting models into CPS structures,
where the combination of sensors, actuators, and the computational cyber layer forms an
adaptive real-time control loop. A comparative analysis of the main neural network architectures
is conducted based on accuracy, dynamic modeling capability, incorporation of external factors,
and suitability for CPS implementation.

The literature review reveals several research gaps, including an insufficient number of studies
addressing complex microclimate interactions (T, H,CO0,), the lack of universal parametric
models, limited availability of real industrial datasets, and the challenges of ensuring real-time
operation of forecasting models. Promising future research directions are outlined, such as the
development of microclimate digital twins, the adoption of Edge Al solutions, hybrid
NNARX+FLC control strategies, and the adaptation of microclimate control systems to the
principles of Industry 5.0.

Key words: intelligent microclimate control; cyber-physical systems; neural networks; RNN;
NNARX.

Introduction

A stable microclimate is one of the key factors determining the efficiency of
modern industrial processes, as it directly influences product quality, the safety of
technological operations, working conditions for personnel, and the overall energy
efficiency of an enterprise. In many industrial sectors deviations in temperature,
humidity, or gas composition from optimal values lead to reduced product output,
accelerated equipment wear, and increased energy consumption. Therefore,
maintaining stable microclimate parameters is considered not only a technical task but
also an essential component of strategies aimed at improving production quality and
competitiveness [1-12].

The emergence of new technological paradigms within the Industry 4.0 concept
has transformed approaches to automation. Cyber-physical systems (CPS),
integrating sensors, actuators, computational models, and network infrastructure into
a unified intelligent control loop, have become the foundation for flexible and adaptive
production processes. In such systems the microclimate is viewed as a complex
dynamic object interacting with technological equipment, personnel, and the external
environment, which significantly increases the requirements for the accuracy and
responsiveness of control algorithms [13-22].
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Traditional regulation methods, including PID controllers and fuzzy-logic-based
systems, demonstrate limited effectiveness when the controlled object is highly
nonlinear, inertial, and influenced by numerous internal and external disturbances.
These methods are difficult to adapt to rapidly changing real-time conditions, and their
capacity to model multifactor dependencies is insufficient for modern industrial
environments [23-32]. This creates the need for intelligent forecasting and adaptive
control tools capable of capturing nonlinear relationships and generating optimal
control actions based on time-series analysis and exogenous factors.

Thus, the application of intelligent, data-driven, and predictive models capable
of improving microclimate regulation accuracy, ensuring adaptation to environmental
changes, and integrating into cyber-physical system architectures becomes
increasingly relevant. In this context, neural network models occupy a prominent place
due to their ability to reproduce complex system dynamics and forecast behavior based
on measurements and predictive signals [33-40].

The purpose of this article is to conduct a systematic review of modern
approaches to intelligent microclimate control in industrial environments, analyze
machine-learning and neural-network methods, compare their capabilities and
limitations, and evaluate the prospects for implementing these models within industrial
cyber-physical systems. The article aims to identify trends, shortcomings of existing
approaches, and scientific prerequisites for further development of microclimate
forecasting and control models.

1. Systematic Review Methodology for Intelligent Microclimate Control Models
in Industrial Cyber-Physical Systems

The systematic review methodology conducted in this study was based on the
principles of transparency, scientific objectivity, and representativeness in order to
ensure the reliability of the conclusions regarding the evolution of approaches to
intelligent microclimate control in industrial environments within the frameworks of
Industry 4.0 and cyber-physical systems. The primary objective is to identify, classify,
and compare models for forecasting and regulating microclimate parameters
(temperature, humidity, gas composition) used in industrial technological processes,
as well as to evaluate their suitability for integration into CPS architectures. To achieve
this goal, leading scientometric databases — Scopus, Web of Science, IEEE Xplore
[40-51], SpringerLink — and the academic search platform Google Scholar were
utilized, enabling broad coverage of interdisciplinary research in automation, machine
learning, energy systems, and intelligent manufacturing technologies.

Source selection was performed using several inclusion criteria, such as:
publications from 2010 to 2025; the presence of theoretical or applied models for
microclimate control or forecasting; descriptions of intelligent methods (MLP, SVM,
LSTM, GRU), mathematical models (ARX/ARMAX), hybrid systems, and neural
network architectures including NNARX; relevance to industrial or building
environments; peer review; and technological novelty. Exclusion criteria included:
publications unrelated to microclimate or addressing it only superficially; non-peer-
reviewed materials; short abstracts lacking methodological description; duplicate or
derivative works; and studies lacking a connection between the model and real
physical processes. The combination of these criteria enabled the formation of a
representative set of sources relevant to the objectives of the study [51-59].

The search was performed using an extended set of keywords covering several
thematic clusters: "microclimate control”, "intelligent control”, "HVAC predictive model",
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"neural networks HVAC", ‘"cyber-physical systems microclimate”, "smart
manufacturing climate”, "NNARX climate model", "temperature humidity CO,
prediction”, " microclimate forecasting ". An initial Google Scholar search for "intelligent
microclimate control" yielded more than 18,000 sources, approximately 4,200 of which
were directly related to models for predicting environmental parameters. A combination
of terms such as "cyber-physical systems HVAC" in Scopus and Web of Science
produced more than 1,900 unique publications, most of them published after 2016,
reflecting the growing interest in integrating microclimate models into CPS [59-72].
Queries related to "NNARX" and "nonlinear autoregressive HVAC models" resulted in
more than 850 papers, about 320 of which contained real experimental data or
comparative studies with other time-series models.

In total, 112 relevant works were selected for in-depth analysis, including 68
articles in peer-reviewed journals, 27 international conference papers, 9 technical
reports, and 8 dissertation studies. All sources were classified by model type [73-80]
(PID, Fuzzy, ARX, ML, RNN, NNARX, hybrid architectures), application domain,
mathematical complexity, dataset size, and the presence of practical validation. This
approach made it possible to form a comprehensive understanding of the development
trends in intelligent microclimate control methods, identify their strengths and
limitations, and determine the prospects for applying NNARX autoregressive models
in industrial cyber-physical systems.

2. Approaches to Microclimate Control in Industrial Systems Analysis

The evolution of approaches to microclimate control in industrial environments
reflects a transition from simple linear regulators to advanced intelligent systems
capable of modelling nonlinearity and forecasting environmental states. In the early
stages of automation development, classical PID controllers dominated, providing
temperature, humidity, or pressure stabilization through reactive responses to
deviations from the setpoint. Their main advantages included ease of implementation,
low computational requirements, and proven reliability in standard industrial conditions.
However, in systems with high inertia, significant time delays, and multifactor
dynamics, classical PID controllers demonstrate limited effectiveness, as their linear
structure does not allow for capturing complex nonlinear relationships between
microclimate parameters [80-88].

In response to these limitations, a shift toward heuristic methods occurred, with
fuzzy-logic-based systems taking a leading place. Fuzzy controllers enable the
description of system behavior through a set of rules that approximate expert
knowledge and operator experience, providing improved adaptability under
uncertainty. As a result, fuzzy systems have been widely used for temperature and
humidity regulation, particularly in installations with pronounced nonlinearities. At the
same time, their limitations include the complexity of constructing the rule base, high
sensitivity to tuning quality, and limited scalability in complex industrial processes
where the number of input variables increases substantially.

The further development of Industry 4.0 technologies and the expansion of
sensor networks have created conditions for the emergence of machine-learning
models capable of analyzing large volumes of data and identifying hidden
dependencies between microclimate parameters. Algorithms such as Support Vector
Machines, Decision Trees, Random Forest, and multilayer perceptrons (MLP) have
shown significant advantages in forecasting temperature, humidity, and gas
composition, as well as in solving energy-optimization tasks in HVAC systems. Their
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key advantage lies in the ability to model nonlinear functional relationships and improve
control accuracy based on data. However, the absence of internal memory and
temporal structure limits their applicability in complex dynamic systems where it is
essential to account for the history of parameter changes. This became a prerequisite
for the transition to recurrent neural networks and NNARX models, which are analyzed
in the following section [88-102].

To summarize the differences between the method groups discussed above,
Table 1 presents a comparative overview of the key characteristics of classical,
heuristic, and machine-learning approaches in the context of their application to
industrial microclimate control.

Table 1
Comparison of microclimate control methods
Criterion / Method PID Fuzzy Logic / ML (SVM, DT,
ANFIS MLP)
Nonlinearity low medium high
modelling
Data requirements minimal moderate high
Adaptability low medium-high medium
Robustness to medium high dataset-dependent
disturbances
Predictive capability none limited high
Model high medium low
interpretability
Computational very low medium medium-high
complexity
Advantages simplicity, flexibility, handling | modelling complex
reliability uncertainty dependencies
Limitations ineffective for complexity of rule no temporal
nonlinear systems design memory, data-
dependent
Applications simple HVAC nonlinear systems T, H, CO,
forecasting

3. Neural Network Architectures for Microclimate Forecasting

The development of neural network approaches for forecasting microclimate
parameters has become one of the key directions in the evolution of intelligent control
systems within the context of automation and the integration of production into cyber-
physical system architectures. One of the earliest models in this field to gain
widespread use were multilayer perceptron (MLP), which, due to their simplicity and
ability to approximate nonlinear dependencies, were applied to the forecasting of
temperature, humidity, and energy consumption in HVAC systems. However, the
absence of an internal memory mechanism significantly limited their effectiveness in
tasks requiring consideration of temporal dynamics, system inertia, and external
disturbances [103-110]. This stimulated the transition toward models naturally suited
for sequential data.

Further progress was associated with the emergence of recurrent neural
networks, particularly RNNs, as well as their advanced modifications — LSTM and
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GRU. Unlike MLPs, these networks possess state retention mechanisms that enable
them to transfer information across time steps and model dynamic processes with
much greater accuracy. LSTM and GRU models have demonstrated high effectiveness
in forecasting microclimate parameters, including temperature, humidity, air gas
composition, and ventilation characteristics. An analysis of scientific publications from
2010 to 2025 indicates that these architectures dominate microclimate modelling tasks,
particularly in industrial environments characterized by high inertia and complex
internal process structures [111-122]. Their distinctive features are summarized in
Table 2, which presents a comparison of the three most representative architectures:
LSTM, GRU, and NNARX.

Table 2
Comparison of neural network architectures (LSTM, GRU, NNARX)
Criterion / LSTM GRU NNARX
Architecture
Nonlinearity high high high
modelling ability
Time series excellent excellent excellent
handling
Long-term strong strong depends on lag
dependency structure
modelling
Data requirements high high moderate—high
Noise robustness high high high
Model low low medium
interpretability
Computational high medium-high medium
complexity
Advantages long memory, faster training than | autoregression +
stability LSTM exogenous inputs,
high accuracy
Limitations high less flexible than requires correct
computational LSTM lag selection
complexity
Typical applications | long microclimate | operational HVAC microclimate
time series forecasting forecasting in CPS

Particular attention is drawn to the class of autoregressive models with
exogenous inputs, the most widespread of which is NNARX. Unlike classical recurrent
networks, NNARX combines an autoregressive structure (accounting for several
previous values of the predicted variable, such as indoor temperature) with the ability
to incorporate exogenous signals that characterize external and internal influences on
the microclimate — outdoor temperature, humidity, CO, concentration, solar radiation,
technological load, and others. As a result, NNARX effectively models both the internal
dynamics of the system and its response to external disturbances. A consolidated
literature analysis shows that NNARX often provides higher short-term forecasting
accuracy compared with traditional ARX/ARMAX models and several neural network
approaches, making it one of the most promising tools for integration into industrial
CPS solutions.

108



BiokpuTi iHdpopmauiiHi Ta koMn'toTepHi iHTerpoBaHi TexHonorii, Ne 107, 2026 ISSN 2071-1077(print)
ISSN 2663-2411(online

A separate direction is represented by hybrid models in which neural network
approaches are combined with decision-making methods, particularly fuzzy logic (FLC)
or model predictive control (MPC). Such systems make it possible to leverage the
advantages of predictive models (LSTM, GRU, NNARX) together with mechanisms
that generate control actions, ensuring high adaptability, robustness to disturbances,
and the ability to operate under varying production loads. Hybrid architectures such as
NNARX+FLC or RNN+MPC are considered promising directions for the development
of intelligent microclimate control systems within cyber-physical production platforms
[123-128].

4. Discussion: Models Integration into Cyber-Physical Systems

The integration of intelligent microclimate forecasting models into the
architecture of cyber-physical systems (CPS) is a key stage in the transition toward
adaptive, data-driven, and predictive control of industrial processes. CPS provides a
unified interaction between the physical layer, which includes temperature, humidity,
and CO, sensors, airflow measurement devices, and actuators (fans, valves, heaters),
and the cyber layer, where mathematical models, machine-learning algorithms, and
neural networks operate. In such an architecture, real-time sensor data are transmitted
to the computational core, where models such as NNARX, RNN, or MLP generate
forecasts of the future microclimate state. The forecasting results are then passed to
the controller, which produces optimal control actions. This creates a closed adaptive
control loop in which the system not only reacts to deviations but also anticipates them,
thereby improving stability and responsiveness [25-36].

An important feature of modern CPS is that different neural network
architectures offer significantly different capabilities in modelling dynamics and
interacting with multifactor environments. MLP models demonstrate satisfactory
accuracy in static or quasi-static conditions but do not account for the temporal
structure of processes. RNNs and their modifications (LSTM, GRU) reproduce
dynamic dependencies more accurately but require substantial computational
resources and large training datasets. NNARX-type models combine the
autoregressive approach with exogenous inputs, enabling effective forecasting of
complex, nonlinear, and inertial processes characteristic of industrial ventilation and
thermal regulation systems. A comparative analysis of the capabilities of various
architectures is presented in Table 3, which summarizes their advantages and
suitability for CPS integration.

Table 3
Comparison of neural network models for microclimate tasks
Criterion MLP RNN/LSTM/GRU NNARX
Forecasting medium high very high
accuracy
Dynamic modelling weak strong strong + ARX
structure
External factor limited possible built-in (exogenous
consideration inputs)
Computational low medium/high medium
complexity
Suitability for CPS limited high very high
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The dynamics of the development of predictive control methods over the past
10-15 years demonstrate a clear shift from classical PID controllers and fuzzy systems
toward recurrent neural networks and hybrid CPS architectures that combine
forecasting with optimization of control actions. An analysis of publications in Scopus,
Web of Science, and IEEE Xplore shows a steady increase in research focused on
RNN/LSTM and NNARX models, reflecting the broader trend toward data-driven
control, digital twins, and real-time Edge Al applications. This trend is visualized in
Figure 1, which illustrates the evolution of approaches — from PID and Fuzzy Logic to
modern NNARX and hybrid CPS-based models.

Evolution of Microclimate Control Methods {2010-2025)
Py

RMNJLSTIGCRL
ARX

nt
—— Hybrid CPS

Relative Popularity Level

2010 2012 2014 2016 2018 2020 2022 2024
Year

Fig. 1. Evolution of microclimate control methods (2010-2025)

Despite significant progress, the literature review has revealed several research
gaps that hinder the scalability and unification of predictive models in industrial
environments. Among them there is limited number of models that take into account a
complex microclimate (temperature, humidity, CO, simultaneously), the lack of
universal parametric approaches capable of adapting to different temperature ranges,
as well as the shortage of real experimental samples from production workshops,
where processes have high inertia and significant variability of external disturbances.
An additional challenge is the real-time integration of intelligent models within CPS,
particularly due to hardware constraints of controllers and the need to ensure system
stability in the presence of delays and noise in data transmission channels. The
identified research gaps form the basis for future work aimed at developing hybrid
approaches, combining forecasting models with optimal control algorithms, and
creating digital twins of industrial microclimate systems.

5. Conclusions

The systematic review of modern methods for forecasting and controlling
microclimate parameters in industrial environments has demonstrated a substantial
evolution of approaches — from classical PID controllers and fuzzy systems to
intelligent machine-learning and neural-network models integrated into the architecture
of cyber-physical systems. The comparative analysis showed that among existing
models the NNARX architecture offers the most balanced capabilities for accurately
forecasting dynamic microclimate parameters. NNARX combines autoregressive
memory with the incorporation of exogenous factors, providing high short-term
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forecasting accuracy, the ability to reproduce nonlinear behavior of industrial systems,
and compatibility with real-time control requirements. These characteristics position
NNARX as one of the most promising models for application in intelligent industrial
CPS, aligning with the chosen direction of the dissertation research [45-58].

The analysis also confirmed the feasibility of using hybrid control systems in
which the predictive capabilities of neural-network models are combined with decision-
making algorithms such as fuzzy logic or MPC. In particular, the integration of NNARX
with FLC enables the formation of a hierarchical system where the predictive
processing of signals is combined with the robustness and interpretability provided by
rule-based control. This approach is especially effective in environments with high
inertia, numerous disturbances, and the need for real-time adaptation, making it a
relevant strategy for developing modern industrial CPS.

At the same time, the literature review revealed several significant research
gaps that must be addressed to advance the field. These include the lack of universal
parametric models, insufficient consideration of complex microclimate variables (T +
H + C0,), the shortage of real industrial datasets, and the challenges of implementing
predictive models in real time due to CPS computational limitations. Solving these
iIssues is associated with the development of transfer-learning and federated-learning
methods, the optimization of neural networks for edge devices, the application of
physically grounded “grey-box” models, and the introduction of standards for semantic
data interoperability.

Promising directions for further research include the creation of digital twins of
microclimate systems, the development of personalized models in the context of
Industry 5.0, the deployment of Edge Al for real-time operation, and the integration of
intelligent models with optimal and predictive control systems. It is expected that the
combination of the NNARX predictive model, hybrid control strategies, and CPS
architecture will form the foundation of a new paradigm of intelligent, adaptive, and
human-centric microclimate control in industrial environments.
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EBoJuronist migxoaiB 10 iHTEJIEKTYAJbHOT0 KOHTPOJIIO
MIKPOKJIIMATY B IPOMHUCJIOBUX CepPeA0OBUIIAX: OTJIA] MoAesiel 1Jis
Ki0epi3sn4HUX cUCTEM

Y paHin ctaTTi npeAcTaBnieHo CUCTEMATUYHUM Ornsa4 CcydacHux nigxogis [oO
IHTeNeKTyanbHOro MNPOrHO3yBaHHA Ta KepyBaHHA napameTpamMu MiKpokniiMmaTty Yy
BUPOOHMUNX CepedoBMLLax Yy KOHTEKCTI po3BWUTKY KibepdianyHux cuctem (CPS).
lMpoaHanizoBaHo knacuyHi (PID), eBpuctuuHi (Fuzzy Logic) Ta MawwuHHI mMeToam
KEpyBaHHSA, a TaKOX HenpoMepexeBi apXiTeKTYpu Pi3HOI CKIagHOCTI, BKIHOYHO 3
baratowaposumn nepuentpoHamn (MLP), pekypeHTHUMM mogensmu (RNN, LSTM,
GRU) Ta aBTOpErpecinHnmMm HeMpoMepeXeBMMmM Nigxogamm 3 eK30reHHMMK BXogamm
(NNARX). Ocobnusy yBary 3ocepemkeHo Ha moaeni NNARX gk ogHin i3 HanbinbLu
NepCcneKkTMBHUX AOns  3adady  KOPOTKOCTPOKOBOrO MPOrHO3yBaHHA MapamMmeTpiB
MIKpOKNiMaTy, XapakTepHUX Afs iHEepUinHUX MPOMMUCIIOBUX CUCTEM BEHTUNAUiT Ta
TENNOBOro perynioBaHHsA. Po3Kpnto ocobnmBOCTi iHTerpauii NporHo3HNX mMoaenen y
ctpyktypy CPS, pfge noegHaHHA  gaTyuKiB, BMKOHaBYMX MEXaHi3MiB Ta
obuuncnioBanbHoro kibep-piBHA hopMye aganTUBHUIN KOHTYP KepyBaHHS B pearnibHOMY
yaci. [MpoBefeHO MOPIBHAMBHUA aHani3 OCHOBHUX HENpPOMEpPEXXEeBUX apXiTEKTyp 3a
KpUTEPISIMW TOYHOCTI, 30aTHOCTI 40 MOLENOBAHHA ANHAMIKN, BpaxyBaHHS 30BHILLUHIX
dakTopiB Ta NnpuagaTHOCTI 40 BnpoBagXeHHsA B CPS.

Ornag nitepatypu [O03BOMUB  BUSIBUTU  HU3KY LOCIIOHULBbKUX MNpOrasivH:
HegocCTaTHIM obcar pobiT, Wo po3rnagarTe KoMAnekcHu mikpoknimat (T, H, CO,),
HecTayy VYHiBepcarbHMX MNapamMeTpudHUX Moaenen, OOMEXEHICTb peanbHUX
BUPOBHMYMX JaTaceTiB Ta CKNagHIiCTb 3abe3neyeHHs1 poboTn NPOrHO3HUX Mogenen y
pexumi peanbHoro 4acy. CdopmynboBaHO NEPCNEKTUBHI HaNpsMu noganbLlumx
AOoCnigKeHb, cepeq sKUX po3pobnieHHs UndpoBUX ABIVHUKIB  MiKpOKMiMaTy,
BukopuctaHHa Edge Al, 3actocyBaHHs ribpugHux crtpaterin  NNARX+FLC Ta
aganTtauis cuctem go sumor Industry 5.0.

Knroyoei cnoea: iHTenekTyanbHe KepyBaHHS MiKpokrimaTom; KibepdisnyHi
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cuctemm; HenpoHHi mepexi; RNN; NNARX.
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