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Introduction. The global refining industry is currently undergoing a profound trans-
formation driven by the dual imperative of enhancing economic performance while signifi-
cantly reducing environmental impact [1, 2]. Increasing volatility in energy markets, coupled
with stringent environmental regulations and global decarbonization goals, has intensified the
need for refineries to optimize their energy usage. Energy expenditures constitute a substan-
tial proportion—typically ranging from 30 % to 50 %—of total operating costs in refining pro-
cesses [3, 4]. Major energy consumers include fired heaters, compressors, and pumping sys-
tems, which are integral to maintaining process continuity but often operate below optimal
efficiency due to legacy control strategies [5, 6].

In many conventional refinery setups, process control is predominantly based on de-
centralized regulatory control loops supplemented by intermittent manual interventions [7, 8].
While such approaches may ensure basic operational stability, they are inherently limited in
their ability to handle multivariable interactions, process nonlinearities, and dynamic disturb-
ances [9, 10]. As a result, these systems frequently operate under conservative setpoints, lead-
ing to increased energy consumption, reduced throughput efficiency, and elevated greenhouse
gas emissions [11, 12]. The growing complexity of modern refining units—characterized by
tightly coupled process variables, nonlinear kinetics, and fluctuating feedstock properties—
renders traditional control methodologies increasingly inadequate [13].

In response to these challenges, advanced process control (APC), particularly model
predictive control (MPC), has emerged as a robust and widely adopted solution. MPC lever-
ages dynamic mathematical models of the process to forecast future system behavior over a
defined prediction horizon [14]. By solving a constrained optimization problem in real time,
MPC determines optimal adjustments to manipulated variables, ensuring adherence to opera-
tional constraints while maximizing performance objectives [15]. This predictive capability
enables more precise control of key process parameters, reduces variability, and enhances en-
ergy efficiency [16].

The integration of MPC with real-time optimization (RTO) further extends these bene-
fits by aligning operational control with economic objectives. RTO systems periodically com-
pute optimal operating targets based on current process conditions, feedstock characteristics,
and prevailing market prices [17, 18]. By continuously updating these targets and feeding
them to the MPC layer, the combined APC-RTO framework ensures that refinery operations
are not only stable and safe but also economically optimal [19]. This hierarchical control ar-
chitecture facilitates coordinated decision-making across multiple process units, thereby un-
locking additional efficiency gains [20].
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Furthermore, regulatory frameworks such as the EU Emissions Trading System and
various national energy efficiency directives provide strong incentives for refineries to adopt
advanced optimization technologies [21]. Compliance with these regulations often necessi-
tates measurable reductions in carbon intensity and energy consumption, which can be effec-
tively achieved through APC and RTO implementation [22, 23]. At the same time, technolog-
ical advancements—including the proliferation of online analyzers, improvements in process
simulation accuracy, and the development of robust industrial data infrastructures—have sig-
nificantly lowered the barriers to deploying such systems at scale [24, 25].

Consequently, the relevance of this research is underscored by its focus on the system-
atic application of APC and RTO methodologies to key refining units [26]. By demonstrating
how these advanced control strategies can be effectively implemented to enhance energy effi-
ciency, reduce emissions, and improve economic performance, the study contributes to the
broader objective of sustainable refinery operation in an increasingly constrained energy and
environmental landscape [27].

Collectively, the literature indicates that APC and RTO are mature technologies with
proven benefits, yet their adoption requires a systematic framework that accounts for process
dynamics, model accuracy, and economic objectives. This article aims to provide such a
framework with a focus on energy efficiency.

The main part. The purpose of this article is to propose a structured approach for im-
plementing advanced process control and real-time optimization to improve energy efficiency
in oil refining. The study describes the architecture, key components, and practical benefits of
APC/RTO systems, supported by case studies in crude distillation, fluid catalytic cracking,
and fired heaters [28, 29]. The research also identifies critical success factors and future direc-
tions for further enhancing energy performance.

The proposed APC/RTO framework is built upon a hierarchical structure that sepa-
rates control actions by time scale and scope. Figure 1 illustrates the typical architecture, con-
sisting of three layers: the regulatory control layer (basic PID loops), the multivariable predic-
tive control layer (MPC), and the real-time optimization layer. Each layer operates at a differ-
ent frequency, with the RTO typically updating economic targets every 1-4 hours, the MPC
executing every 1-5 minutes, and the regulatory loops acting at sub-second to second inter-
vals. This separation ensures that fast disturbances are handled by the lowest layer, while eco-
nomic optimization is performed at a slower pace that aligns with the time constants of feed
changes and market price updates.

Figure 1 shows the flow of information: plant measurements are passed to the regula-
tory layer, then to the MPC, which sends setpoints to the regulatory controllers. The RTO us-
es reconciled plant data, a rigorous process model, and economic prices to compute optimal
operating points, which are then passed to the MPC as targets. The figure also highlights the
role of online analyzers and the data reconciliation block that ensures consistent material and
energy balances. Online analyzers (e.g., gas chromatographs, near-infrared spectrometers)
provide frequent measurements of product qualities, enabling the control system to respond to
composition changes without relying on delayed laboratory results.

Data reconciliation and gross error detection form the foundation of accurate real-time
optimization. Raw field measurements inevitably contain random noise, biases, and occasion-
al gross errors from sensor malfunction or process leaks. Data reconciliation uses a
steady-state process model — typically a set of mass and energy balance equations — to adjust
the measurements minimally so that they satisfy the balances.
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Figure 1 — Hierarchical Architecture of APC and RTO

The reconciled values are statistically optimal estimates that remove inconsistencies
and provide a reliable snapshot of the process state. Gross error detection identifies faulty
sensors or process leaks by analyzing the residuals between measured and reconciled values.
For a crude distillation unit, reconciliation ensures that the yields of products, the heat duties
of furnaces and exchangers, and the product qualities are correctly estimated before the opti-
mization is performed. Without this step, the RTO would base its decisions on inconsistent
data, potentially leading to suboptimal or even infeasible targets.

Model predictive control (MPC) is the core of the multivariable predictive control lay-
er. The MPC uses a dynamic linear or nonlinear model of the process to predict future outputs
over a prediction horizon (typically 30-120 minutes) and computes manipulated variable
moves that minimize a quadratic objective while respecting constraints. For energy efficiency,
the objective may include minimizing fuel gas consumption, steam usage, or electricity.
Common controlled variables include product qualities (e.g., 95 % point of naphtha, flash
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point of diesel) and energy-related variables such as furnace outlet temperature, reflux ratios,
and pumparound duties. The manipulated variables are typically feed rate, setpoints of flow
controllers, and air/fuel ratio in furnaces. By explicitly handling interactions — for example,
the effect of reflux ratio on both product purity and reboiler duty — and by respecting con-
straints (e.g., maximum column pressure drop, minimum furnace stack temperature), the MPC
can push the process closer to its operational limits without violating safety or quality bounda-
ries. The controller is executed every minute or faster, allowing it to correct disturbances such
as feed rate variations or ambient temperature changes before they affect product quality.
Real-time optimization operates at a slower frequency, typically every 1-4 hours. It
solves a steady-state optimization problem using a rigorous nonlinear process model, often
built from first-principles thermodynamics and equipment performance equations. The objec-
tive is to maximize an economic function, which for energy efficiency is often expressed as:

ml?x(z pjyj (u1d)_cfuel I:fuel (U,d) _Csteams(u’d) _Celec(u’d)} (1)
J

where p; are product prices, y; are yields predicted by the model, Fy, is fuel consumption,

S is steam consumption, E is electricity consumption, and d are disturbances (feedstock prop-
erties, ambient temperature). Constraints include product specifications (e.g., maximum sulfur
content, minimum flash point), equipment limits (e.g., maximum furnace firing, column pres-
sure drop, compressor surge limits), and safety margins. The optimization is repeated periodi-
cally, and the optimal setpoints (e.g., furnace outlet temperature, reflux ratio) are sent to the
MPC as targets. This closed-loop arrangement ensures that the plant is continuously driven
toward the true economic optimum, even as feedstocks and prices change.

Case study 1: Crude distillation unit. A European refinery implemented APC and
RTO on its 150,000 bbl/day crude unit. The project involved upgrading the DCS, installing
online analyzers for key product qualities (naphtha 95 % point, diesel flash point), and de-
ploying a rigorous CDU model for RTO. The MPC controlled the preheat train, furnace, and
column with 12 manipulated variables and 18 controlled variables. The RTO updated targets
every 4 hours based on real-time crude assay and energy prices. Over a 12-month period, the
system reduced fuel gas consumption by 4.2 % and increased valuable distillate yield by 1.8
%, resulting in annual savings of over $2 million. The improved control also reduced tem-
perature variability in the furnace, extending tube life and reducing maintenance costs. This
case illustrates how the combination of MPC and RTO can simultaneously improve both en-
ergy efficiency and yield.

Case study 2: Fluid catalytic cracking unit. A FCCU in the Middle East faced fre-
quent upsets due to changes in catalyst activity and feed composition. The installation of an
MPC that manipulated regenerator air, slide valve positions, and riser temperature, coupled
with an RTO that adjusted catalyst circulation and regenerator temperature targets, stabilized
the unit. Energy consumption in the air blower — a major power consumer — was reduced by
6%. Optimizing coke burning led to lower regenerator temperatures, which reduced catalyst
deactivation and extended catalyst life. Moreover, the system enabled the unit to process
heavier feeds without exceeding environmental limits on SOx and NOx emissions. The case
demonstrates how MPC/RTO can improve the flexibility of processing lower-cost feeds while
maintaining energy efficiency and environmental compliance.

Case study 3: Fired heaters. Fired heaters account for a large share of refinery energy
use, often 30-40 % of total site energy consumption. A dedicated MPC for a furnace with
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multiple passes and air preheating was implemented. The controller minimized fuel gas con-
sumption by maintaining optimum excess oxygen (typically 2-3 %) and controlling pass out-
let temperatures to within £2 °C. The system also included a model to predict tube skin tem-
peratures, preventing coking and tube failures by avoiding localized overheating. Energy sav-
ings of 7 % were reported, with a payback period of less than 18 months. Figure 2 presents a
schematic of this typical fired heater control configuration, showing the manipulated variables
(fuel flow, air flow, pass dampers) and controlled variables (outlet temperature, excess O,
stack temperature). The figure illustrates how the MPC handles interactions — for example,
increasing air flow reduces outlet temperature and also reduces excess O: if fuel is not adjust-
ed simultaneously — and respects constraints such as maximum fuel flow and minimum air

flow for safe combustion.
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Figure 2 — Fired Heater Control Configuration with MPC

Figure 3 compares key energy indicators before and after APC/RTO implementation
across the three case studies, expressed as energy intensity (gigajoules per ton of feed). The
bar chart demonstrates reductions ranging from 3 % to 8 %, with the largest gains in fired
heaters, which typically have the highest energy intensity and the greatest potential for im-
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provement through tighter control. The results confirm that the hierarchical APC/RTO
framework delivers consistent, quantifiable energy savings across diverse refining units.
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Figure 3 — Energy Efficiency Improvement with APC/RTO

Despite the proven benefits, several challenges must be addressed to ensure successful
deployment and sustained performance. Model maintenance is critical; process changes such
as revamps, catalyst changes, or equipment degradation degrade model accuracy over time,
necessitating periodic re-identification of model parameters. Operator training is essential to
build trust and ensure proper handling of control system overrides; operators must understand
when to let the system run automatically and when to intervene. Integration with existing
DCS and safety systems must be carefully engineered to avoid conflicts — for instance, the
MPC should not violate safety interlocks. Furthermore, the economic benefit must be clearly
demonstrated to justify the capital investment, which can be substantial for analyzers, control-
ler hardware, and engineering services. Successful projects typically involve a multidiscipli-
nary team of process engineers, control engineers, and operations personnel, and they rely on
high-quality instrumentation and analyzers that are properly maintained.

The integration of machine learning with APC and RTO offers promising avenues to
further enhance energy efficiency. Machine learning can be used to automatically update
model parameters based on operating data, thereby reducing the maintenance burden. It can
also predict feed properties from online analyzers or historical data, allowing the RTO to an-
ticipate composition changes. Anomaly detection using machine learning can identify abnor-
mal equipment behavior (e.g., fouling, catalyst deactivation) before it impacts performance.
Digital twins — dynamic, high-fidelity simulations — can be used in place of traditional RTO
models to enable more frequent updates (every few minutes instead of hours) and to simulate
what-if scenarios for operational planning. Reinforcement learning is also being explored for
autonomous control of energy-intensive units, where the controller learns optimal policies
through interaction with the process. Additionally, the coupling of APC/RTO with carbon
capture systems will become increasingly important as refineries aim to achieve net-zero
emissions. Real-time optimization of energy consumption and CO: capture rates, balancing
fuel savings against carbon credit prices, will be a key capability of future integrated systems.
The continued evolution of these technologies promises to further close the gap between actu-
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al plant performance and theoretical economic optimum, driving the refining industry toward
greater sustainability.

Figure 3 compares key energy indicators before and after APC/RTO implementation
across the three case studies, expressed as energy intensity (GJ per ton of feed). The bar chart
demonstrates reductions ranging from 3 % to 8 %, with the largest gains in fired heaters.

Despite the proven benefits, several challenges must be addressed. Model maintenance
is critical; process changes (e.g., revamps, catalyst changes) degrade model accuracy over
time, necessitating periodic re-identification. Operator training is essential to build trust and
ensure proper handling of control system overrides. Integration with existing DCS and safety
systems must be carefully engineered to avoid conflicts. Furthermore, the economic benefit
must be clearly demonstrated to justify the capital investment. Successful projects typically
involve a multidisciplinary team of process engineers, control engineers, and operations per-
sonnel, and they rely on high-quality instrumentation and analyzers.

The integration of machine learning with APC and RTO offers promising avenues.
Machine learning can be used to automatically update model parameters based on operating
data, to predict feed properties, and to detect abnormal events. Digital twins — dynamic,
high-fidelity simulations — can be used in place of traditional RTO models to enable more
frequent updates and to simulate what-if scenarios. Reinforcement learning is also being ex-
plored for autonomous control of energy-intensive units. Additionally, the coupling of
APC/RTO with carbon capture systems will become increasingly important as refineries aim
to achieve net-zero emissions.

Conclusions and prospects for further research. The application of advanced pro-
cess control and real-time optimization represents a mature, proven strategy for enhancing
energy efficiency in oil refining operations. The hierarchical architecture that underpins this
approach—comprising a regulatory control layer of basic PID loops, a multivariable predictive
control layer using model predictive control, and a steady-state real-time optimization layer—
provides a structured framework that aligns control actions with the characteristic time scales
of process dynamics. This separation of responsibilities ensures that fast disturbances are
handled locally while economic optimization is performed at a frequency consistent with
changes in feedstock properties and market prices, allowing the plant to be continuously oper-
ated near its true economic optimum.

The case studies presented in this article confirm the tangible benefits of this integrat-
ed approach. In a crude distillation unit, the combination of MPC and RTO reduced fuel gas
consumption by 4.2 % while simultaneously increasing valuable distillate yield by 1.8 %,
demonstrating that energy efficiency and yield improvement are not mutually exclusive ob-
jectives. In a fluid catalytic cracking unit, the implementation of APC/RTO stabilized opera-
tion against feed and catalyst variations, reducing air blower energy consumption by 6 % and
enabling the processing of heavier, lower-cost feeds without exceeding environmental limits.
For fired heaters, which represent the single largest energy consumers in most refineries, ded-
icated MPC achieved energy savings of 7 % by maintaining optimum excess oxygen and tight
control of pass outlet temperatures, while also protecting against tube overheating and coking.
These results collectively illustrate that the hierarchical framework delivers consistent, quanti-
fiable improvements across diverse process units.

Beyond the direct energy savings, the implementation of such systems yields addition-
al benefits that are critical for modern refining operations. Improved control reduces variabil-
ity, which in turn allows operation closer to constraints without compromising safety or prod-
uct quality. Reduced temperature cycling extends equipment life and lowers maintenance
costs. Enhanced stability enables operators to confidently process a wider range of feedstocks,
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improving refinery flexibility in response to changing crude markets. Moreover, the rigorous
process models and data reconciliation infrastructure built for APC and RTO provide a foun-
dation for other digital initiatives, including predictive maintenance and advanced analytics.

However, the successful deployment and sustained performance of these systems de-
pend on several critical factors. The accuracy of the process models must be maintained over
time through periodic re-identification or adaptive updating, as equipment degradation, cata-
lyst changes, and process revamps inevitably introduce deviations. High-quality instrumenta-
tion and online analyzers are essential; unreliable measurements lead to suboptimal control
and erode operator trust. Equally important is the human element: operators must be thor-
oughly trained to understand the system’s behavior, to recognize when automatic control is
functioning correctly, and to intervene appropriately during abnormal situations. Successful
projects consistently involve close collaboration between process engineers, control engi-
neers, and operations personnel, supported by management commitment to the long-term val-
ue of advanced control.

Looking forward, several promising research directions will further enhance the capa-
bilities of APC and RTO. One key area is the reduction of model maintenance effort through
adaptive and self-learning modeling techniques. Machine learning algorithms that continuous-
ly update model parameters using operational data can significantly reduce the engineering
burden associated with periodic re-identification. Hybrid models that combine first-principles
knowledge with data-driven components offer particular promise, as they can extrapolate be-
yond the range of historical data while still learning from new operating points.

The integration of machine learning for predictive capabilities will also expand the
scope of optimization. Advanced prediction of feed properties using near-infrared spectrosco-
py combined with neural networks can enable the RTO to anticipate composition changes ra-
ther than react to them. Similarly, models that forecast fouling rates in heat exchangers, cata-
lyst deactivation in FCC units, or coking in fired heaters can inform proactive maintenance
scheduling and incorporate these degradation effects directly into the optimization objective,
balancing immediate energy savings against long-term equipment life.

Digital twin platforms represent a natural evolution of the current RTO infrastructure.
Unlike traditional steady-state RTO models, digital twins are dynamic, high-fidelity simula-
tions that run continuously in parallel with the physical plant. They can be used to perform
what-if scenario analysis, to test the impact of operational changes before implementation,
and to enable more frequent (e.g., every few minutes) optimization updates. When coupled
with machine learning for parameter estimation, digital twins can maintain accuracy even un-
der rapidly changing conditions.

As the refining industry faces increasing pressure to reduce carbon emissions, the role
of advanced control will expand beyond traditional energy efficiency to encompass optimiza-
tion of the energy-carbon trade-off. Real-time optimization that balances fuel consumption
against carbon credit prices, or that minimizes emissions subject to fuel cost constraints, will
become standard. Integration with carbon capture and storage (CCS) units will require coor-
dinated control of the capture process alongside the core refining units. Furthermore, as refin-
eries begin to incorporate renewable energy sources such as solar or wind power for electrical
loads, APC systems will need to manage the variability of these sources while maintaining
stable operation.

Finally, the convergence of process control, artificial intelligence, and digitalization is
laying the groundwork for the next generation of autonomous refineries. Reinforcement learn-
ing—where controllers learn optimal policies through direct interaction with the process—offers
the potential for systems that continuously improve their performance without explicit model
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identification. While such approaches are still in early stages of development, they represent a
long-term vision of truly self-optimizing plants that adapt autonomously to changing condi-
tions. The continued advancement of these technologies, combined with sustained commit-
ment to implementation best practices, will ensure that APC and RTO remain essential tools
for achieving safe, efficient, and sustainable refining operations in the decades ahead.
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APPLICATION OF ADVANCED PROCESS CONTROL AND REAL-TIME
OPTIMIZATION FOR ENERGY EFFICIENCY IN OIL REFINING

Energy consumption constitutes one of the largest operating expenses in oil refining,
and its reduction is critical for both economic performance and environmental compliance.
Traditional regulatory control systems, however, are unable to maintain process operations at
the true optimum under varying feedstocks and market conditions. This article explores the
application of advanced process control (APC) and real-time optimization (RTO) technolo-
gies to improve energy efficiency in refining units. The integration of model predictive con-
trol (MPC) with rigorous process models, online analyzers, and economic optimization is ex-
amined. A hierarchical architecture is presented, comprising regulatory control, multivariable
predictive control, and steady-state RTO layers. The role of real-time data reconciliation,
gross error detection, and model updating is emphasized. Case studies from crude distillation
units (CDU), fluid catalytic cracking (FCC) regenerators, and fired heaters demonstrate ener-
gy savings of 3-8% and significant reductions in greenhouse gas emissions. The paper also
discusses implementation challenges, including model maintenance, operator training, and
integration with existing distributed control systems. Future directions, such as the incorpora-
tion of machine learning for adaptive model refinement and the use of digital twins for predic-
tive optimization, are outlined. The results confirm that APC and RTO are essential tools for
achieving sustainable and energy-efficient refining operations.

Keywords: advanced process control, model predictive control, real-time optimiza-
tion, energy efficiency, oil refining, crude distillation unit, fired heaters, digital twin.

€. A. Kopossika, B. JI. Xomenko, A. O. IrnaTtos

3ACTOCYBAHHA CYYACHOTI'O KEPYBAHHSA ITPOLHECAMHM
TA ONTUMI3ZALII B PEAJIbHOMY YACI JIJIS NIJIBUILIEHHS
EHEPTOE®EKTUBHOCTI HA®TOIIEPEPOBKHA

EneprocnoxuBanHs € OJHI€I0 3 HAMOUIBIINX cTaTel onepauiiHuX BUTpAT y HadToIe-
pepoOiti, 1 HOro CKOPOYECHHSI Ma€ KPUTUYHE 3HAUCHHS SIK JIJIS1 EKOHOMIYHOT €pEKTUBHOCTI, TaK
1 ans exojoriuxoi BimmoBigHOCTI. TpaaulliiiHi CHCTEMHU PpEryiiOBaHHS, OJHAK, HE 37aTHI
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MIATPUMYBATH pOOOTY MPOIIECIB y NIMCHOMY ONTUMYMI 32 YMOB 3MiHHOT CHPOBHHH Ta PUHKO-
BUX KOJIUBAaHb. Y CTATTi JIOCIIKCHO 3aCTOCYBAHHS TEXHOJIOTIH Cy4acHOTO KepyBaHHS IpPO-
necamu (APC) ta onTumizamii B peanbHoMYy 4aci (RTO) mis migBuiieHHs eHeproeeKkTun-
HOCTI HaTOMEepepOoOHNX YCTAaHOBOK. PO3TJISIHYTO iHTErparilo MOAEIHHOIO MPOTHO3YKUOTO
kepyBanHs (MPC) 3 netepmMiHOBaHUMH MOZCIISIMH IPOIIECIB, OHJIaiH-aHai3aTOpaMu Ta €KO-
HOMIYHOIO ontuMmizaniero. [IpencraBineHo iepapxiuny apXiTeKTypy, IO BKIIOYA€E PiBHI pery-
JIIOBaHHS, 0araTOBUMIPHOTO MPOTHO3YKYOr0 KepyBaHHsS Ta CTamioHapHOi onTuMizarii. ITia-
KPECIICHO POJIb Y3TOKCHHS JIaHUX y peaTbHOMY Yaci, BUSBICHHS IPyOUX IMOMUJIOK Ta OHOB-
neHHs mozenei. [Ipukinany 3 yctaHOBOK nepBUHHOI nieperonku HagTu (CDU), perenepatopin
katanitTuaHoro kpekinry (FCC) Ta tpyOuacTux meueil 1eMOHCTPYIOTh €KOHOMIIO €Heprii Ha
piBH1 3-8% 1 3HAaUHE CKOPOYEHHS BUKH/IIB MAPHUKOBUX rasiB. Po3risiHyTo mpobiieMu BIpo-
BaJDKCHHS, BKJIFOYAIOUW MIATPUMKY MOJIEICH, HABUYaHHS NIEPCOHATY Ta IHTETPALii0 3 ICHYIO-
YUMH PO3NOJIICHUMH CUCTeMaMH KepyBaHHs. OKpEcClIeHO MepCHeKTHUBHI HAMpsSMH, Taki K
BUKOPHUCTAHHS MAIIMHHOTO HABYaHHS JUIsI aJalITHBHOTO YTOYHEHHS MOJCIICH Ta 3aCTOCYBaH-
HS HU(POBHUX IBIMHUKIB AJIs MPOTHO3HOI onTuMizalii. PesynpTatu miarBepaxyoTh, mo APC
ta RTO € BaXIMBUMH IHCTPYMEHTAMH JJISl JIOCSTHEHHS CTaJIOTO Ta E€HEProe)eKTUBHOTO
HadTomepepoOHOTO BUPOOHHMIITRA.

KurouoBi cjioBa: cydacHe KepyBaHHS MPOIECAMHU, MOJICIBHO-TIPOTHO3YIOYE KEpyBaH-
HSl, ONITUMI3allig B PeaJbHOMY 4aci, eHeproeeKTUBHICTh, HaTomepepoOKa, yCTaHOBKA Iep-
BUHHOI TIEperOHKH HaTH, TpyOUacTi nedi, nudpoBuii ABIHHUK.
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