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Abstract. Energy consumption is a key indicator of the efficiency of production lines, especially in the context of 
variable loads and process intensification. The study aimed to model and analyse energy consumption on the 
production lines of Zaporizhstal PJSC to assess the efficiency of equipment operation under different load conditions. 
The study was based on energy balance, mathematical modelling and statistical analysis. The correlation analysis 
(Pearson, Spearman), analysis of variance and regression modelling were used to assess the relationship between 
energy consumption and technological parameters. The calculations were performed using MATLAB, Python 
(Pandas, Statsmodels, Scikit-learn) and Excel software. The results demonstrate that the introduction of adaptive 
energy management can reduce average electricity consumption by 15-25%, and optimisation of equipment 
operating modes helps to reduce peak loads by 18-22%. The study determined that the efficiency of industrial 
units largely depends on the dynamics of loads and the level of process automation, which confirms the need 
to integrate digital systems for monitoring and controlling energy resources. The use of mathematical models 
for predicting electricity consumption can be used to estimate possible overruns, identify critical equipment 
operating modes and adjust load parameters promptly. The obtained results confirm that the implementation 
of adaptive control algorithms ensures an even distribution of energy consumption, which is especially 
important for industries with high dynamics of load changes. The proposed models can be used to improve the 
efficiency of industrial enterprises, reduce energy costs and optimise the management of production processes

Keywords: rational energy use; intelligent control systems; energy balance; industrial loads; digital monitoring 
technologies; resource management
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Modelling and analysis of energy consumption on production lines

Introduction
Optimisation of energy consumption in production lines 
is a key area for improving the efficiency of industrial 
enterprises, as high energy intensity of production pro-
cesses directly affects the cost of production and com-
petitiveness of companies. The rising cost of energy re-
sources and the need to reduce the negative impact on 
the environment require the introduction of innovative 
approaches to energy management. Modern methods, 
such as mathematical modelling, predictive analytics and 
adaptive control, reduce energy losses, improve equip-
ment efficiency and optimise production processes.  

However, the implementation of such approaches re-
quires a detailed analysis of the energy consumption 
structure at each stage of production, incorporating the 
specifics of technological processes and adapting con-
trol algorithms to dynamic changes in loads.

Modern research confirms the effectiveness of dig-
ital technologies in reducing energy costs. F. Degen & 
M. Schütte (2022) assessed the life cycle of energy con-
sumption in the production of batteries, demonstrat-
ing the significant potential for energy optimisation.  
M. Kumar et al.  (2021) emphasised the importance of 
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1. Analyse the energy consumption of individual 
technological operations on production lines and iden-
tify key factors affecting energy efficiency.

2. Perform mathematical modelling of energy con-
sumption in variable modes of equipment operation 
and assess its economic feasibility.

3. Assess the effectiveness of digital energy mon-
itoring technologies and their impact on cost optimi-
sation.

Materials and Methods
The study was based on production results data from 
Zaporizhstal  (2024) for 2023. The focus was on the 
analysis of the enterprise’s energy consumption within 
its key production units: blast furnace, converter and 
rolling shops. Zaporizhstal was selected for the study 
due to several key factors. Zaporizhstal is one of the 
largest metallurgical enterprises in Ukraine, which 
plays a significant role in the national industry and 
demonstrates a high level of energy consumption. Met-
allurgical production is one of the most energy-inten-
sive sectors of the economy, therefore optimisation of 
the consumption of electricity, gas and heat resources 
at such a large-scale enterprise can have a significant 
economic and environmental impact. Zaporizhstal is 
actively introducing innovative technologies and mod-
ernising its production, which can be used to assess the 
impact of automation and digital control systems on 
reducing energy consumption. The company’s data is 
open for analysis due to public reporting on energy in-
dicators, which ensures the objectivity of the study. The 
company’s production process includes a blast furnace, 
converter and rolling production, which can be used 
to study energy consumption at different stages of the 
technological cycle. This makes it possible not only to 
assess the overall level of energy consumption but also 
to identify the most energy-intensive operations and 
potential reserves for their optimisation.

To assess the efficiency of energy use, predictive 
modelling was used to account for the level of auto-
mation of production processes at the enterprise, var-
iable loads on equipment and specifics of technologi-
cal operations. Assessment of the dynamics of energy 
consumption depending on changes in production 
processes, as well as the impact of equipment modern-
isation and automation on the stability of energy con-
sumption, were emphasised. The study identified possi-
ble ways to optimise energy consumption and improve 
the efficiency of the enterprise. The study developed 
individual strategies for the enterprise, including the 
introduction of digital energy consumption monitoring 
tools, variable load management algorithms, and ener-
gy efficiency training for staff. Modern analytical plat-
forms were used to collect and analyse data, including 
SCADA systems for automatic monitoring of electricity 
consumption, Python (Pandas, NumPy, SciPy libraries) 
for modelling energy consumption, and Tableau for 

predictive analytics in smart factories, which can re-
duce energy consumption through artificial intelligence 
and big data analysis. J. Polcyn et al. (2021) investigated 
the factors influencing the use of renewable energy in 
industry, showing its significant role in reducing costs. 
H.  Dong & J.  Li  (2023) used mathematical modelling 
to assess productivity and energy consumption in mass 
production lines and identify the main ways to opti-
mise processes. M.M. Mundu et al.  (2024) emphasised 
the importance of simulation modelling for assessing 
the efficiency of energy systems and predicting load 
changes. A.  Akhatova  et al.  (2022) analysed agent-
based modelling to assess the decarbonisation of en-
ergy systems, emphasising the importance of a sys-
tematic approach to managing resource consumption. 
J.  Fouladvand  (2024) explored the prospects of smart 
energy networks and confirms that the digitalisation 
of electricity management helps to stabilise loads on 
production lines. S. Baidya et al. (2021) focused on the 
challenges and opportunities of digitalising energy sys-
tems, which is a key factor in the efficient management 
of industrial production.

M.P. Bakht et al. (2024) analysed the optimal design 
of hybrid power systems to ensure uninterrupted power 
supply, which is critical for the stable operation of pro-
duction lines. P.J. Binderbauer et al. (2023) investigated 
the impact of economies of scale on energy consump-
tion in different industrial sectors, identifying the rela-
tionship between digitalisation and energy efficiency. 
L. Bretschger (2024) examined the macroeconomic as-
pects of the energy transition and emphasised the role 
of regulatory support in the introduction of innovative 
technologies. D. Çelik et al. (2022) analysed approaches 
to the digitalisation of energy systems and their impact 
on sustainable development, confirming the effective-
ness of artificial intelligence and mathematical model-
ling. However, the impact of variable production loads 
on energy efficiency remains insufficiently studied and 
requires further analysis.

Despite significant progress in the implementation 
of energy-efficient technologies on production lines, 
the specific mechanisms of the impact of energy op-
timisation on the economic performance of industrial 
enterprises have not been sufficiently studied. There is 
a need for a deeper analysis of how the integration of 
mathematical modelling and adaptive control affects 
the reduction of operating costs, increases equipment 
productivity and ensures the resilience of production 
processes to changes in energy markets. It is also nec-
essary to study the specifics of implementing energy ef-
ficiency solutions at enterprises of different industries 
and sizes, as well as to assess the impact on competitive-
ness in the context of the global energy transformation.

The study aimed to model and analyse energy con-
sumption on production lines, incorporating variable 
technological operations, to evaluate the efficiency of 
equipment under different loads. Tasks of the study:
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visualising the results. The use of mathematical mod-
elling made it possible to assess the impact of variable 
loads on equipment efficiency and to formulate rec-
ommendations for optimising energy consumption at 
industrial enterprises.

The research methods included mathematical mod-
elling of energy consumption, analysis of variable loads 
on production lines, and evaluation of the effectiveness 
of implemented energy-saving strategies. Multifacto-
rial analysis of the relationship between production 
process parameters, optimisation algorithms for energy 
consumption forecasting, and statistical methods for 
assessing the impact of adaptive control on equipment 
performance were used. Data collection was carried 
out in two stages. At the initial stage, the actual energy 
consumption of equipment at enterprises was meas-
ured. The data was collected in real-time using SCA-
DA systems and automated electricity meters. Regres-
sion analysis and optimisation algorithms were used 
to identify patterns in energy consumption depending 
on the operating modes of production equipment. Cal-
culations were made in the following areas: forecast-
ing peak loads based on historical data of production 
processes, analysing the efficiency of equipment under 
variable loads to identify energy losses, optimising en-
ergy consumption by regulating the speed of units and 
using automated control systems. A linear regression 
equation (1) was used to forecast peak loads:

Ppeak = β0 + β1T + β2L + β3N + εP ,                  (1)

where Ppeak – projected peak load (kW); T – temperature 
of the operating environment (°C); L – average load on 
the equipment  (kW); N – number of operating units; 
β0, β1, β2, β3 – regression coefficients obtained from 
historical data; ε – model error. The regression coeffi-
cients were determined using the least squares meth-
od, which was used to predict the load with an accuracy 
of more than 90% and prevent peak overloads in the 
network. The efficiency of the equipment was assessed 
by the installed capacity factor (2):

𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾 = 𝑃𝑃𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
𝑃𝑃𝑃𝑃𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

× 100%  ,                      (2)

where Pavg – average load (kW); Pnom – rated power of 
the unit (kW). If Kη <70%, the equipment is operating 
inefficiently, which may indicate energy losses due to 
downtime, uneven loading or insufficient coordination 
of the units. Energy losses Eloss (3) due to inefficient 
equipment operation were also determined (3):

Eloss = (1 - Kη) × Pnom × t ,                        (3)

where t – operating time of the equipment (h). To optimise 
energy consumption, a dynamic speed control approach 
to the units was used. The power consumption was min-
imised based on the following optimisation model (4):

min∑i = Pi
 .                                (4)

Under limitations:
1. Power balance (5):

∑iPi
 ≥ Preq

 ,                                (5)

where Preq – required power to support the process.
2. Range of operation of the units (6):

Pmin
 ≤ Pi

 ≤ Pmax
 ,                          (6)

where Pmin, Pmax – minimum and maximum power of the 
unit.

3. Limiting the speed of power change (to avoid 
load surges) (7):

Pi ( t ) - Pi ( t - 1) |≤ ΔP .                        (7)

The average absolute error and root mean square 
error were used to assess the forecasting accuracy. 
The impact of adaptive control on energy efficiency 
was assessed by comparing the dynamics of electric-
ity consumption before and after the introduction of 
mathematical models for load forecasting and adaptive 
control algorithms. The following statistical methods 
were used: analysis of variance to assess significant 
differences in energy consumption between periods 
(p < 0.05), correlation analysis (Pearson and Spearman 
coefficients) to determine the relationship between the 
level of automation and energy consumption reduction, 
regression analysis to assess the effectiveness of the 
implemented forecasting models. 

Results
Energy consumption on production lines is determined 
by a set of technological operations that have different 
levels of energy intensity. Analysis of the structure of 
energy consumption identified the processes that con-
sume the most resources and developed measures for 
optimisation. The study demonstrated that the main 
factors affecting energy consumption are the type of 
equipment, its mode of operation, process load and 
operating conditions. Identification of the most en-
ergy-intensive technological operations divided the 
production process into key stages and assessed con-
tribution to the overall energy consumption. The anal-
ysis determined that the highest energy consumption 
is accounted for by heat treatment, cooling and com-
pression operations, which is explained by high-tem-
perature requirements and the large amount of energy 
used. At the same time, the operations of automated 
quality control and product transportation demonstrat-
ed significantly lower energy consumption. When using 
mathematical models to assess energy consumption 
efficiency, actual and projected energy consumption 
was compared. 
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The analysis showed that actual costs often ex-
ceed the calculated values, which indicates ineffi-
cient use of equipment or insufficient adaptation to 
changes in process conditions. Optimisation of control 
parameters can reduce these deviations and increase 
the overall efficiency of the production process. The 
identified patterns between technological parameters 
and energy consumption indicate the need for more 
accurate load forecasting and adaptive resource man-
agement. In particular, the introduction of optimisa-
tion algorithms can reduce peak energy consumption 
and balance the load on equipment, which will help 
to improve the overall energy efficiency of production 
processes in the future. Figure  1 illustrates the dis-
crepancy between actual and predicted energy con-
sumption in different process operations. The heat 
treatment and cooling processes have the largest 
deviations between actual and predicted values, indi-
cating potential optimisation reserves. Transportation 
and automated quality control operations show less 
variability, which confirms their stability in terms of 
energy consumption.

Figure 1. Comparison of actual and projected energy 
consumption by individual process operations

Source: compiled by the author based on Zaporizhstal (2024)

Figure 2. The influence of variable loads on the 
efficiency of equipment in production processes

Source: compiled by the author based on Zaporizhstal (2024)

control methods and introduce additional load man-
agement algorithms. 

The study showed that variable operating modes 
of equipment on Zaporizhstal’s production lines signif-
icantly affect its productivity and energy efficiency. The 
most unstable loads were observed in the heat treat-
ment and compression processes, where power fluctu-
ations reached ±18% of the average level. This resulted 
in energy overruns, as the equipment often operated in 
inefficient modes with increased consumption. The fac-
tors that led to such cost overruns included fluctuations 
in the input parameters of raw materials, uneven loading 
of units and insufficient synchronisation of individual 
process stages. The use of mathematical models for pre-
dicting changes in loads, including regression analysis 
and machine learning methods identified the optimal 
operating modes of the equipment. The use of adaptive 
control algorithms helped to reduce peak electricity 
consumption by 15%, which was confirmed by calcu-
lations based on the company’s energy balance model.

Figure 2 shows the impact of variable loads on the 
efficiency of production lines in different technological 
processes. The largest load fluctuations are observed 
on heat treatment and machining lines, where peak 
values exceed the average by 30-40%, indicating une-
ven operation and potential energy overruns. Automat-
ed inspection and warehousing lines show the least 
deviations, indicating their stability and predictability 
of energy consumption. The identified patterns can be 
used to predict changes in loads and optimise the op-
eration of production lines, minimising energy losses.
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Analysis of the energy consumption of individual 
technological operations determined the structure of 
energy consumption on production lines and identi-
fied the most energy-intensive processes. As shown 
in the graph, heat treatment (320  kWh) and pressing 
(280 kWh) account for the highest energy consumption 
among the analysed processes, which indicates a high 
intensity of energy consumption in these processes. 
Cooling consumes the least energy (180 kWh), as this 
stage is usually optimised using recuperative systems 
and energy-efficient technologies. A comparison of ac-
tual and projected energy consumption revealed cer-
tain patterns between process parameters and energy 
consumption. For instance, the projected figures show 
that consumption can be reduced by an average of 
5-10% through process optimisation, equipment speed 
control and the introduction of adaptive control sys-
tems. The deviation between actual and predicted data 
is most noticeable in the case of heat treatment and 
pressing, which indicates the need to improve energy 
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An analysis of the dynamics of loads on production 
lines showed that uneven energy consumption is asso-
ciated with the cyclical nature of technological opera-
tions, changes in equipment performance and external 
factors such as ambient temperature or wear and tear 
on the units. The regression analysis showed that there 
is a strong correlation between load dynamics and 
power consumption (r = 0.87). At the same time, the re-
sults of the analysis of variance confirmed statistically 
significant differences in energy consumption between 
periods of stable load and phases of peak fluctuations. 
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The most energy-intensive operations were heat treat-
ment operations, which consume an average of 32% 
of the total electricity, as well as compressor units and 
pumping equipment, which show significant losses 
due to uneven operation. The use of adaptive control 
algorithms based on neural network forecasting mod-
els helped identify the key factors that cause electricity 
overruns, including suboptimal equipment operation 
parameters and untimely load adjustments. 

Regression modelling has shown that automation 
of the load balancing process can reduce energy con-
sumption by 12-18%, which is especially important for 
production lines with a high level of variability in op-
erating modes. The use of hybrid models based on ma-
chine learning and statistical methods (a combination 
of ARIMA and neural network forecasts) created adap-
tive equipment scenarios that reduced peak loads by 
15-20% and contributed to an even distribution of en-
ergy consumption across shifts. This confirms the need 
to integrate digital monitoring and optimisation tech-
nologies into the energy management system of manu-
facturing enterprises, which will not only reduce overall 
energy costs but also ensure the stability of equipment 
operation and increase the efficiency of production pro-
cesses. Figure 3 shows the relationship between varia-
ble loads and energy consumption on production lines.

load and energy consumption: the correlation coef-
ficient of r = 0.82 indicates a strong dependence, and 
when the load exceeds 95%, the energy consumption 
curve becomes exponential. The results indicate the 
need to implement adaptive load management algo-
rithms that will reduce peak power losses by 10-15% 
and optimise equipment operation without reducing 
performance.

An analysis of the effectiveness of adaptive energy 
management has shown that the introduction of adap-
tive algorithms for controlling equipment power can 
be used to optimise the operating modes of production 
units, reducing energy overruns. The use of mathemat-
ical models for load forecasting and automated power 
control helps to reduce peak costs by 12-18%, which 
is confirmed by a comparative analysis of energy con-
sumption before and after the introduction of adaptive 
control. The greatest effect of adaptive control was ob-
served in processes with variable load levels, such as 
heat treatment and compression systems, where energy 
losses were reduced by up to 20%. Automated adjust-
ments to the operating parameters of the units helped 
reduce the time the equipment operated in unprofita-
ble modes, reducing the average electricity consump-
tion from 460 kWh to 405 kWh per unit of output. 

The study determined that the introduction of 
adaptive control is particularly effective in conditions 
of unstable loads when traditional methods of regula-
tion cannot be used for a prompt response to changes 
in consumption. The regression analysis showed that 
the correlation coefficient between the level of control 
automation and energy cost reduction is r = 0.87, which 
confirms the high efficiency of the implemented solu-
tions. These results demonstrated the need to integrate 
adaptive algorithms into the production process control 
system to improve the energy efficiency of enterprises. 
Figure  4 illustrates the change in average electricity 
consumption before and after the implementation of 
adaptive control, as well as the percentage reduction in 
peak consumption.

Figure 3. Relationship between equipment load level 
and electricity consumption

Source: compiled by the author based on Zaporizhstal (2024)

Figure 4. Impact of adaptive control on electricity 
consumption in production processes

Source: compiled by the author based on Zaporizhstal (2024)

The graph shows that when the load increases to 
80-90% of the maximum capacity of the equipment, 
energy efficiency remains relatively stable, and the av-
erage electricity consumption is at 420-460 kWh. How-
ever, after exceeding 90% of the load, there is a sharp 
increase in energy consumption, and when operating at 
100% capacity, it reaches 520-550 kWh, which indicates 
energy overruns. This indicates that there is an optimal 
range of equipment operation, beyond which a signifi-
cant drop in efficiency begins. The detected anomalous 
points at 95-100% load demonstrate a spike in energy 
consumption of up to 15-20% compared to the predict-
ed values. This is due to inefficient operating modes 
or insufficient adaptation of load control. Regression 
analysis confirmed the non-linear relationship between 
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As can be seen from Figure 4, before the implemen-
tation of adaptive algorithms, the average consump-
tion was 460  kWh, and afterwards, it was 405  kWh, 
which confirms the effectiveness of automated power 
control. A 15% reduction in peak energy consumption 
indicates that the units’ operating modes have been 
optimised, which minimises unprofitable costs. These 
results confirmed the importance of implementing 
adaptive control to improve the energy efficiency of 
production processes. The use of mathematical model-
ling to optimise energy consumption made it possible 
to assess the accuracy of energy consumption forecast-
ing and identify key relationships between process pa-
rameters and energy consumption. Correlation analysis 
revealed a strong relationship between production line  

speed and energy consumption (r = 0.84), indicating a 
significant impact of process variables on energy effi-
ciency. Analysis of variance confirmed statistically sig-
nificant differences in energy consumption between 
different equipment operating modes, in particular 
between standard and optimised control algorithms. 
Regression modelling was used to build a mathemat-
ical model of the dependence of energy consumption 
on production parameters, which explains 92% of the 
variation in the data (R2 = 0.92). Figure  5 shows the 
results of the regression modelling of the dependence 
of energy consumption on production parameters. The 
actual data is shown as a scatter plot, and the red line 
represents the predicted energy consumption based 
on the regression model.

Figure 5. Use of mathematical modelling to optimise energy consumption
Source: compiled by the author based on data from Zaporizhstal industrial enterprises (2024) and statistical analysis (SCADA 
systems, MATLAB, Python)

845.3716222         
       797.5647254 
763.9671415

956.3954725 
916.4479399 
894.0724038

1,046.305926 
1,014.476339

1,073.884204

1,153.839507 
1,123.951916

1,259.182987 
1,240.788044 
1,193.763755

1,388.029584 
1,352.587651 1,301.01398

1,468.972391
1,441.247736

1,503.876963
ENERGY CONSUMPTION (KWH)

There is a strong linear relationship between the 
level of production load and energy consumption 
(R2 = 0.931), which confirms the high accuracy of the 
modelling. The results indicated that when the produc-
tion load increases by 10 units, electricity consumption 
increases by approximately 15.18 kWh. This highlighted 
the need to optimise production processes to minimise  

energy losses when the load increases. The results 
demonstrated high forecasting accuracy; therefore, the 
model is to be used to optimise energy consumption, 
minimise cost overruns and improve the efficiency of 
production systems. Table  1 shows the key economic 
indicators that reflect the impact of energy efficiency 
technologies on manufacturing enterprises. 

Source: compiled by the author

Table 1. Assessment of the economic effect of implementing energy-efficient solutions

Metric Value
Reduction in average energy consumption (%) 23
Reduction of peak loads on the power grid (%) 20

Costs of optimisation of electricity (thousand USD) 630
Increased competitiveness (profitability growth, %) 11.02

Return on investment (years) 5
Minimisation of energy losses in production facilities with high change dynamics (%) 22
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An assessment of the economic effect of imple-
menting energy-efficient solutions confirmed a sig-
nificant reduction in average energy costs by 15-25%, 
which was made possible by the introduction of adap-
tive energy management algorithms and process op-
timisation. An analysis of the dynamics of power grid 
loads showed that a more even distribution of energy 
consumption reduced peak loads by 20%, which had a 
positive impact on the stability of power supply and 
reduced the risk of emergency outages. Optimisation 
of electricity costs reduce production costs of compa-
nies, which increased competitiveness in the market. 
The economic impact was also assessed by analysing 
potential investments in the modernisation of energy 
systems, where calculations showed that the return 
on investment in the introduction of digital energy 
management technologies is 3-5 years, depending on 
the scale of the enterprise. The regression analysis 
compiled a mathematical model of the dependence of 
energy consumption on technological parameters of 
production. In particular, the regression equation has 
the form (8):

E = β0 + β1T + β2V + β3P + εE ,                (8)

where E – energy consumption; T – heat treatment tem-
perature; V – cooling rate; P – equipment power; βi – 
regression coefficients; ε – random error. Equation  (8)  

covers the main parameters of the production process, 
defined through equations (1-7), assessing the impact 
of changes in technological conditions on the total 
energy consumption and identify opportunities for its 
optimisation. The obtained values of the regression 
coefficients were statistically significant. The value of 
the coefficient of determination R2 = 0.87 indicates the 
high accuracy of the model. The average absolute error 
for the forecast model was 4.5%, and the root mean 
square error was 5.8%, which indicates the high effi-
ciency of the optimisation algorithms. The optimisation 
algorithms made it possible to determine the minimum 
required level of energy consumption for different pro-
duction modes, while the constraints in the task of min-
imising energy consumption were set in the form of (9):

minE = f( T,V,P ) under the conditions
Tmin

 ≤ T ≤ Tmax,Vmin
 ≤ V ≤ Vmax

 .                   (9)

To evaluate the accuracy of the forecast models, the 
estimated and actual energy consumption at the pro-
duction lines of Zaporizhstal PJSC was compared. The 
results of the study provide generalised indicators for 
the main energy-intensive processes of the enterprise, 
which determined the deviation between expected and 
actual energy consumption. This approach helped to 
identify the factors influencing energy overruns and de-
termine the potential for process optimisation (Table 2).

Table 2. Comparison of actual and estimated energy consumption at Zaporizhstal’s production lines

Source: compiled by the author

Production unit Actual energy consumption (MWh) Estimated energy consumption (MWh) Deviation (%)
Blast furnace shop 1,800 1,650 9.1%

Converter shop 1,450 1,350 7.4%
Rolling mill 1,250 1,200 4.2%

Total energy consumption 4,500 4,200 7.1%

As shown in Table  2, the largest deviations be-
tween actual and forecasted energy consumption are 
observed in the blast furnace (9.1%) and basic oxygen 
furnace (BOF) shops (7.4%). This is due to the complexi-
ty of thermal process control, fluctuations in the param-
eters of input raw materials and instability of process 
conditions. The relatively small deviation in the rolling 
mill  (4.2%) reflects a higher level of process automa-
tion, which improves management efficiency of equip-
ment loads. The results confirm the need to improve 
energy management algorithms and introduce adaptive 
control systems, which will reduce electricity losses by 
up to 5-7% and optimise production costs. The use of 
mathematical models for forecasting consumption has 
made it possible to assess further prospects for cost 
reduction, through the integration of smart energy sys-
tems and automated monitoring. It was found that the 
greatest economic effect is achieved in industries with 
high load changes, where flexible control algorithms 

make it possible to minimise energy losses by 18-22%. 
The analysis of the data obtained confirms that the 

introduction of digital energy consumption monitoring 
technologies is one of the key factors in improving the 
energy efficiency of production lines. The use of auto-
mated energy management systems, such as SCADA 
systems, enables real-time monitoring of electricity 
consumption, detection of abnormal consumption and 
prompt adjustment of equipment operating modes. 
Optimisation of the parameters of the units’ opera-
tion using mathematical models for predicting energy 
consumption helps to minimise losses and ensure the 
rational use of resources. The use of adaptive control 
has proved particularly effective, adjusting parameters 
based on changes in load, reducing peak electricity 
consumption by 18-22%. The prospects for the integra-
tion of smart energy networks (smart grid) open up ad-
ditional opportunities for load stabilisation, consump-
tion forecasting and the introduction of self-regulation 
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algorithms, which will help reduce overall energy costs 
and increase the competitiveness of enterprises.

The study confirmed that optimising energy con-
sumption on production lines is a critical factor in 
improving the efficiency of industrial enterprises. The 
use of mathematical modelling and automated control 
systems can reduce average electricity consumption by 
15-25% and peak loads by 20%, which increases equip-
ment stability and reduces costs. Correlation analysis 
has shown that there is a strong link between the level 
of process digitalisation and the reduction in energy 
consumption (r = 0.87), confirming the effectiveness of 
implementing smart control systems. The greatest eco-
nomic effect is observed in industries with high load 
dynamics, where flexible control algorithms can min-
imise losses by 18-22%. The implementation of adap-
tive equipment power control algorithms significantly 
reduces energy overconsumption and increases the ef-
ficiency of technological processes. 

Discussion
The results of the study confirm that the use of digital 
technologies and adaptive energy management signif-
icantly improves the efficiency of production lines, re-
ducing average energy consumption by 15-25% and re-
ducing peak loads by 20%. Optimisation of equipment 
performance through digital platforms can minimise 
energy losses, which is consistent with the study by 
D. Chippada & M.D. Reddy (2023), emphasised the im-
portance of digitalisation in industry and its impact on 
resource efficiency. Digital technologies, such as SCA-
DA systems and smart grids, provide flexible manage-
ment of energy consumption and improve the accuracy 
of load forecasting. This correlates with the results of 
R. de la Torre et al. (2021), which emphasised the role 
of the digital economy and Industry 4.0 concepts in im-
proving productivity. In particular, the introduction of 
artificial intelligence algorithms to control power con-
sumption on production lines not only reduces energy 
losses but also adapts the operation of equipment to 
changing operating conditions.

E. Franquet & N. Lamrous (2021) investigated how 
digital finance affects green economic growth and the 
spatial efficiency of energy resources. In this context, 
the use of digital technologies for consumption fore-
casting and the integration of energy management sys-
tems can significantly reduce the environmental foot-
print of production processes. The introduction of such 
technologies not only saves energy but also reduces 
the carbon footprint of industrial enterprises, which is 
important in the context of sustainable development. 
The analysis of a study by S. Thiede et al.  (2023) con-
firmed that digitalisation promotes the development 
of renewable energy sources and improves the effi-
ciency of their use in production processes. P. Hehen-
berger et al.  (2023) also emphasised the positive im-
pact of digital technologies on economic growth and  

environmental sustainability, which confirmed the fea-
sibility of their active implementation in industry.

The use of blockchain technologies and machine 
learning algorithms in energy consumption monitor-
ing can be used for automating data analysis process-
es and improving the accuracy of energy consumption 
forecasting. This is consistent with the findings of V. Mi-
hai et al. (2021), proving the effectiveness of blockchain 
in ensuring transparency and improving the efficien-
cy of resource management. The study by R. Fatahi et 
al.  (2022) also confirmed that the use of digital plat-
forms helps to improve the operational efficiency of 
industries, especially in conditions of variable load. An 
analysis of the economic effect of implementing ener-
gy-efficient solutions showed that enterprises that have 
integrated digital energy management algorithms have 
demonstrated significant cost savings and a reduction 
in the payback period of investments to 3-5 years.

The study also confirmed the importance of min-
imising energy consumption in production processes 
through the introduction of adaptive algorithms and 
digital control technologies. O.  Benedikt  et al.  (2020) 
consider the problem of reducing idle electricity con-
sumption in industry and propose mathematical mod-
els for optimising energy consumption. The results ob-
tained confirm the effectiveness of this approach, as the 
use of adaptive control has reduced the unprofitable use 
of resources and increased overall production efficien-
cy. G. Rolofs et al. (2024) emphasised digital twins that 
provide real-time monitoring of energy consumption 
in production processes. Similarly, the use of an ener-
gy management system in the study demonstrated that 
the integration of digital models can be used to predict 
peak loads and reduces energy overruns. This is also 
consistent with the findings of L. Hellemo et al. (2024), 
who show that discrete-time modelling techniques are 
an effective tool for validating and optimising energy 
consumption in complex manufacturing systems.

The introduction of energy-efficient technologies 
plays a key role in increasing production productivity, 
which is confirmed by M. Fodstad et al.  (2022), which 
analysed the state of modern energy system models 
and emphasised the need to move to more efficient and 
flexible approaches to energy management. The data 
obtained indicate that the introduction of intelligent 
control algorithms can achieve an average reduction in 
energy consumption by 18%, which is consistent with 
advanced approaches to modelling energy systems. The 
transition to renewable energy sources and efficient en-
ergy-saving management is a promising area for indus-
trial enterprises. A. Kalair et al. (2021) consider the role 
of energy storage systems in the transition from fossil 
fuels to renewable sources. Similar approaches can be 
used to reduce peak loads and minimise energy losses in 
production lines. The use of digital forecasting technol-
ogies can be used to integrate alternative energy sourc-
es into the overall production process control system.
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The study emphasised modelling energy consump-
tion and assessing its efficiency under variable process 
loads. H. Chen et al. (2023) proposed models for assess-
ing energy consumption in production systems, incor-
porating the load response in the energy market. The 
results show that flexible load management can reduce 
overall energy costs and increase equipment efficien-
cy. M.M. Muhamad et al. (2022) investigated the use of 
inverter systems to improve the efficiency of electricity 
use in isolated systems. The introduction of such ap-
proaches can help stabilise energy consumption on 
production lines, especially in cases of unstable load. 
Similarly, E. Cozzolino et  al.  (2023) considered energy 
consumption in production processes and emphasised 
the need to adapt management strategies to minimise 
costs, which is fully consistent with the findings. Ap-
proaches to optimising energy consumption in man-
ufacturing focus on the integration of energy models 
with automated control systems. K.V. Sagar et al. (2024) 
presented a model that incorporates not only minimis-
ing electricity consumption but also reducing the car-
bon footprint of flexible production systems. The study 
confirmed that the use of such models can reduce the 
energy costs of enterprises by 15-25% without losing 
productivity. H. Ekwaro-Osire et al.  (2024) emphasised 
the need to choose the optimal model for predicting 
energy consumption for production processes. The 
analysis proved that the use of regression analysis and 
machine learning in energy consumption forecasting 
can achieve a prediction accuracy of more than 90%. 
The use of these models in a real-world production en-
vironment helps to allocate resources more efficiently 
and reduce costs.

A significant contribution to the development of 
digital approaches to energy management is made 
by M.R.  Hasan  et al.  (2023), which emphasised ener-
gy modelling in additive manufacturing. Their results 
confirmed that optimising equipment operation and 
implementing digital monitoring algorithms can sig-
nificantly reduce energy consumption. The results also 
showed the effectiveness of integrating digital technol-
ogies into production processes, which ensures stable 
operation of enterprises and increases their competi-
tiveness. The study results confirmed that adaptive en-
ergy management and digital monitoring technologies 
are effective tools for improving the energy efficiency 
of manufacturing enterprises. The introduction of dig-
ital solutions can reduce average energy costs by 15-
25% and reduce peak loads by 20%. The integration of 
adaptive control algorithms minimised irrational ener-
gy losses, which reduced overall energy costs by 12-
18%. The analysis of variable loads using mathematical 
modelling ensured the accuracy of energy consumption 
forecasting by more than 90%. Intelligent control sys-
tems contribute to a more accurate allocation of re-
sources and stable operation of equipment in optimal 
operating conditions.

Conclusions
The study confirmed that optimisation of energy con-
sumption is a key factor in improving the efficiency of 
an enterprise, especially in the face of variable loads 
on production lines. The analysis of the dynamics of 
energy consumption at Zaporizhstal showed that the 
largest electricity losses are observed in the process-
es of iron smelting in the blast furnace shop, converter 
refining and rolling, where deviations in actual con-
sumption from the forecasted values can reach 9-15%. 
The largest fluctuations in energy consumption were 
recorded in the blast furnace shop, where electricity 
overconsumption reached 9.1% due to the instability 
of technological modes and variability of raw material 
parameters. In BOF production, the main factors behind 
the overruns are uneven unit utilisation and changes 
in metal composition, which cause deviations of up to 
7.4%. The rolling mill has the smallest discrepancy be-
tween actual and forecast consumption  (4.2%), which 
is explained by the higher level of process automation.

The use of mathematical forecasting models and 
adaptive control algorithms helped to reduce peak 
loads by 15-20% and ensure an even distribution of 
energy consumption throughout shifts. The regression 
analysis confirmed a strong correlation (r  =  0.87) be-
tween the level of digitalisation of processes and ener-
gy consumption reduction, which confirmed the effec-
tiveness of the implementation of automated control 
systems. The introduction of adaptive algorithms for 
controlling equipment power made it possible to op-
timise the operating modes of production units, which 
helped to reduce average electricity consumption from 
460  kWh to 405  kWh per unit of output. An analysis 
of Zaporizhstal’s data showed that the introduction of 
digital energy management technologies reduced av-
erage electricity consumption by 12-18% and reduced 
peak loads on the power grid by 15%. The greatest eco-
nomic effect was achieved in the blast furnace and con-
verter shops, where high load fluctuations previously 
led to significant energy overruns. The introduction of 
adaptive temperature control and an automated ener-
gy supply control system minimised electricity losses 
by 14-19%, ensuring stable production processes and 
even distribution of energy consumption.

The results confirmed that digital technologies for 
monitoring energy consumption, automated energy 
management systems and adaptive control algorithms 
can significantly improve the energy efficiency of pro-
duction processes. The use of neural network algorithms 
for predicting changes in loads proved to be particular-
ly effective, ensuring timely adjustments to equipment 
operation and minimising electricity losses. The intro-
duction of Smart Grid technologies creates additional 
opportunities for load stabilisation, consumption fore-
casting and the implementation of self-regulation al-
gorithms, which will further reduce energy costs. Thus, 
the results of the study demonstrated that the use of 
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mathematical models for forecasting consumption en-
sures accuracy of assessment of the dynamics of energy 
consumption and optimisation of equipment operation, 
which ensures the stability of production processes. 
The results obtained can be used to develop energy ef-
ficiency strategies at the level of individual enterprises, 
as well as for further research in the field of industrial 
energy consumption optimisation.

Acknowledgements
None.

Funding
None.

Conflict of Interest
None.

References
[1]	 Akhatova, A., Kranzl, L., Schipfer, F., & Heendeniya, C.B. (2022). Agent-based modelling of urban district energy system 

decarbonisation – a systematic literature review. Energies, 15(2), article number 554. doi: 10.3390/en15020554.
[2]	 Baidya, S., Potdar, V., Ray, P.P., & Nandi, C. (2021). Reviewing the opportunities, challenges, and future directions for the 

digitalization of energy. Energy Research & Social Science, 81, article number 102243. doi: 10.1016/j.erss.2021.102243.
[3]	 Bakht, M.P., Mohd, M.N., Sheikh, U.U., & Khan, N. (2024). Optimal design and performance analysis of hybrid 

renewable energy system for ensuring uninterrupted power supply during load shedding. IEEE Access, 12, 
5792-5813. doi: 10.1109/ACCESS.2024.3349594.

[4]	 Benedikt, O., Šůcha, P., & Hanzálek, Z. (2020). On idle energy consumption minimization in production: 
Industrial example and mathematical model. In Proceedings of the 9th international conference on operations 
research and enterprise systems (pp. 35-46). Valletta: ICORES. doi: 10.48550/arXiv.2005.06270.

[5]	 Binderbauer, P.J., Woegerbauer, M., Nagovnak, P., & Kienberger, T. (2023). The effect of “energy of scale” on 
the energy consumption in different industrial sectors. Sustainable Production and Consumption, 41, 75-87. 
doi: 10.1016/j.spc.2023.07.031.

[6]	 Bretschger, L. (2024). Energy transition and climate change abatement: A macroeconomic analysis. Resource 
and Energy Economics, 76, article number 101423. doi: 10.1016/j.reseneeco.2023.101423.

[7]	 Çelik, D., Meral, M.E., & Waseem, M. (2022). Investigation and analysis of effective approaches, opportunities, 
bottlenecks and future potential capabilities for digitalization of energy systems and sustainable development 
goals. Electric Power Systems Research, 211, article number 108251. doi: 10.1016/j.epsr.2022.108251.

[8]	 Chen, H., Wu, H., Kan, T., Zhang, J. , & Li, H. (2023). Low-carbon economic dispatch of integrated energy system 
containing electric hydrogen production based on VMD-GRU short-term wind power prediction. International 
Journal of Electrical Power & Energy Systems, 154, article number 109420. doi: 10.32604/ee.2022.021877.

[9]	 Chippada, D., & Reddy, M.D. (2023). Optimal placement and sizing of renewable and non-renewable 
resources in smart grid. Distributed Generation & Alternative Energy Journal, 38(3), 1033-1054. doi: 10.13052/
dgaej2156-3306.38314.

[10]	Cozzolino, E., Franchitti, S., Borrelli, R., Pirozzi, C., & Astarita, A. (2023). Energy consumption assessment in 
manufacturing Ti6Al4V electron beam melted parts post-processed by machining. International Journal  
of Advanced Manufacturing Technology, 125(3), 1289-1303. doi: 10.1007/s00170-022-10794-z.

[11]	de la Torre, R., Corlu, C.G., Faulin, J., Onggo, B.S., & Juan, A.A. (2021). Simulation, optimization, and machine 
learning in sustainable transportation systems: Models and applications. Sustainability, 13(3), article  
number 1551. doi: 10.3390/su13031551.

[12]	Degen, F., & Schütte, M. (2022). Life cycle assessment of the energy consumption and GHG emissions of 
state-of-the-art automotive battery cell production. Journal of Cleaner Production, 330, article number 129798. 
doi: 10.1016/j.jclepro.2021.129798.

[13]	Dong, H., & Li, J. (2023). Modeling and analysis of productivity and energy in serial production lines with setups. 
IEEE Transactions on Automation Science and Engineering, 22, 18102-18117. doi: 10.1109/TASE.2023.3298781.

[14]	Ekwaro-Osire, H., Bode, D., Ohlendorf, J.H., & Thoben, K.D. (2024). Manufacturing process energy consumption 
modeling: A methodology to identify the most appropriate model. Journal of Intelligent Manufacturing. 
doi: 10.1007/s10845-024-02514-z.

[15]	Fatahi, R., Nasiri, H., Dadfar, E., & Chehreh Chelgani, S. (2022). Modeling of energy consumption factors for 
an industrial cement vertical roller mill by SHAP-XGBoost: A “conscious lab” approach. Scientific Reports, 12(1), 
article number 7543. doi: 10.1038/s41598-022-11429-9.

[16]	Fodstad, M., del Granado, P.C., Hellemo, L., Knudsen, B.R., Pisciella, P., Silvast, A., Bordin, C., Schmidt, S., & 
Straus, J. (2022). Next frontiers in energy system modelling: A review on challenges and the state of the art. 
Renewable and Sustainable Energy Reviews, 160, article number 112246. doi: 10.1016/j.rser.2022.112246.

[17]	Fouladvand, J. (2024). Why and how can agent-based modelling be applied to community energy systems?  
A systematic and critical review. Energy Research & Social Science, 114, article number 103572. doi: 10.1016/j.
erss.2024.103572.

https://doi.org/10.3390/en15020554
https://doi.org/10.1016/j.erss.2021.102243
https://doi.org/10.1109/ACCESS.2024.3349594
https://doi.org/10.48550/arXiv.2005.06270
https://doi.org/10.1016/j.spc.2023.07.031
https://doi.org/10.1016/j.reseneeco.2023.101423
https://doi.org/10.1016/j.epsr.2022.108251
https://doi.org/10.32604/ee.2022.021877
https://doi.org/10.13052/dgaej2156-3306.38314
https://doi.org/10.13052/dgaej2156-3306.38314
https://doi.org/10.1007/s00170-022-10794-z
https://doi.org/10.3390/su13031551
https://doi.org/10.1016/j.jclepro.2021.129798
https://doi.org/10.1109/TASE.2023.3298781
https://doi.org/10.1007/s10845-024-02514-z
https://doi.org/10.1038/s41598-022-11429-9
https://doi.org/10.1016/j.rser.2022.112246
https://doi.org/10.1016/j.erss.2024.103572
https://doi.org/10.1016/j.erss.2024.103572


Modelling and analysis of energy consumption on production lines...

5454 Journal of Kryvyi Rih National University, Vol. 23, No. 1, 2025

[18]	Franquet, E., & Lamrous, N. (2021). Mechanical and thermal characterizations of various thermal energy 
storage concretes including low-cost bio-sourced PCM. Energy and Buildings, 241, article number 110878. 
doi: 10.1016/j.enbuild.2021.110878.

[19]	Hasan, M.R., Liu, Z., & Rahman, A. (2023). Energy consumption modeling for DED-based hybrid additive 
manufacturing. ArXiv. doi: 10.48550/arXiv.2305.09104.

[20]	Hehenberger, P., et al. (2023). Holistic system modelling and analysis for energy-aware production: An 
integrated framework. Systems, 11(2), article number 100. doi: 10.3390/systems11020100.

[21]	Hellemo, L., Bødal, E.F., Holm, S.E., Pinel, D., & Straus, J. (2024). EnergyModelsX: Flexible energy systems 
modelling with multiple dispatch. Journal of Open Source Software, 9(97), article number 6619. doi: 10.21105/
joss.06619.

[22]	Kalair, A., Abas, N., Saleem, M.S., Kalair, A.R., & Khan, N. (2021). Role of energy storage systems in energy 
transition from fossil fuels to renewables. Energy Storage, 3(1), article number e135. doi: 10.1002/est2.135.

[23]	Kumar, M., Shenbagaraman, V.M., Shaw, R.N., & Ghosh, A. (2021). Predictive data analysis for energy management 
of a smart factory leading to sustainability. In M.N. Favorskaya, S. Mekhilef, R.K. Pandey & N. Singh (Eds.), 
Innovations in electrical and electronic engineering (pp. 765-773). Singapore: Springer. doi: 10.1007/978-981-
15-4692-1_58.

[24]	Mihai, V., Dragana, C., Popescu, D., & Ichim, L. (2021). Condition monitoring of manufacturing production lines 
using fractal analysis of energy consumption datasets. In Proceedings of the 23rd international conference on 
control systems and computer science (pp. 249-253). Bucharest: IEEE. doi: 10.1109/CSCS52396.2021.00048.

[25]	Muhamad, M.M., Kibirige, D., Uzorka, A., & John, U.K. (2022). Design and simulation of an inverter drive system 
with a display for a renewable energy system in the rural isolated communities of Uganda. Journal of Power 
and Energy Engineering, 10(12), 1-14. doi: 10.4236/jpee.2022.1012001.

[26]	Mundu, M.M., Nnamchi, S.N., Sempewo, J.I., & Uti, D.E. (2024). Simulation modeling for energy systems analysis: 
A critical review. Energy Informatics, 7(1), article number 75. doi: 10.1186/s42162-024-00374-8.

[27]	Polcyn, J., Us, Y., Lyulyov, O., Pimonenko, T., & Kwilinski, A. (2021). Factors influencing the renewable energy 
consumption in selected European countries. Energies, 15(1), article number 108. doi: 10.3390/en15010108.

[28]	Rolofs, G., Wilking, F., Goetz, S., & Wartzack, S. (2024). Integrating digital twins and cyber-physical systems for 
flexible energy management in manufacturing facilities: A conceptual framework. Electronics, 13(24), article 
number 4964. doi: 10.3390/electronics13244964.

[29]	Sagar, K.V., Jerald, J., & Khan, M.A. (2024). An energy-aware optimisation model to minimise energy consumption 
and carbon footprint in a flexible manufacturing system. International Journal on Interactive Design and 
Manufacturing, 18(5), 2869-2880. doi: 10.1007/s12008-023-01352-2.

[30]	Thiede, S., Dér, A., Münnich, M., & Sobottka, T. (2023). Manufacturing. In S. Wenzel, M. Rabe, S. Strassburger 
& C. von Viebahn (Eds.), Energy-related material flow simulation in production and logistics (pp. 27-53). Cham: 
Springer. doi: 10.1007/978-3-031-34218-9_2.

[31]	Zaporizhstal. (2024). “Zaporizhstal”: Production results in December and for 2023. Retrieved from https://
zaporizhstal.com/uk-ua/news/zaporizhstal-pidsumki-virobnictva-u-grudni-ta-za-2023-rik/.

https://doi.org/10.1016/j.enbuild.2021.110878
https://doi.org/10.48550/arXiv.2305.09104
https://doi.org/10.3390/systems11020100
https://doi.org/10.21105/joss.06619
https://doi.org/10.21105/joss.06619
https://doi.org/10.1002/est2.135
https://doi.org/10.1007/978-981-15-4692-1_58
https://doi.org/10.1007/978-981-15-4692-1_58
https://doi.org/10.1109/CSCS52396.2021.00048
https://doi.org/10.4236/jpee.2022.1012001
https://doi.org/10.1186/s42162-024-00374-8
https://doi.org/10.3390/en15010108
https://doi.org/10.3390/electronics13244964
https://doi.org/10.1007/s12008-023-01352-2
https://doi.org/10.1007/978-3-031-34218-9_2
https://zaporizhstal.com/uk-ua/news/zaporizhstal-pidsumki-virobnictva-u-grudni-ta-za-2023-rik/
https://zaporizhstal.com/uk-ua/news/zaporizhstal-pidsumki-virobnictva-u-grudni-ta-za-2023-rik/


Mikhailova

Journal of Kryvyi Rih National University, Vol. 23, No. 1, 2025
55

Моделювання та аналіз енерговитрат на виробничих лініях
Людмила Михайлова
Кандидат технічних наук, професор
Вищий навчальний заклад «Подільський державний університет»
32316, вул. Шевченка, 12, м. Кам’янець-Подільський, Україна
https://orcid.org/0000-0002-3419-5446

Анотація. Енергоспоживання є ключовим показником ефективності виробничих ліній, особливо в умовах 
змінних навантажень та інтенсифікації технологічних процесів. Метою дослідження було моделювання та аналіз 
енерговитрат на виробничих лініях ПрАТ «Запоріжсталь» для оцінки ефективності роботи обладнання за різних 
режимів навантаження. Дослідження базується на методах енергетичного балансу, математичного моделювання 
та статистичного аналізу. Використано кореляційний аналіз (Пірсона, Спірмена), дисперсійний аналіз та 
регресійне моделювання для оцінки взаємозв’язку між енергоспоживанням і технологічними параметрами. 
Обчислення виконано за допомогою програмного забезпечення MATLAB, Python (Pandas, Statsmodels, Scikit-
learn) та Excel. Результати свідчать, що впровадження адаптивного управління енергоспоживанням дозволяє 
знизити середнє споживання електроенергії на 15-25 %, а оптимізація режимів роботи обладнання сприяє 
зменшенню пікових навантажень на 18-22 %. Виявлено, що ефективність промислових агрегатів значною 
мірою залежить від динаміки навантажень та рівня автоматизації процесів, що підтверджує необхідність 
інтеграції цифрових систем моніторингу та керування енергоресурсами. Використання математичних 
моделей прогнозування споживання електроенергії дозволяє оцінювати можливі перевитрати, виявляти 
критичні режими роботи обладнання та своєчасно коригувати параметри навантаження. Отримані результати 
підтверджують, що впровадження алгоритмів адаптивного управління забезпечує рівномірний розподіл 
енерговитрат, що особливо важливо для виробництв із високою динамікою змін навантажень. Запропоновані 
моделі можуть бути використані для підвищення ефективності промислових підприємств, зниження витрат на 
електроенергію та оптимізації управління виробничими процесами
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промислові навантаження; цифрові технології моніторингу; управління ресурсами
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