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Abstract: The paper investigates the development of a self-organizing control system for managing the operational 
modes of power system facilities, grounded in the application of intelligent technologies. The approach 
integrates advanced data analytics techniques and artificial intelligence algorithms to enhance system 
adaptability and efficiency. A hybrid machine learning methodology is proposed, combining classification 
and regression models for the analysis of the operational state of technological units. This enables more 
accurate forecasting and facilitates the optimal distribution of energy flows within the system. To address the 
challenges associated with forecasting and optimizing the operating regimes of energy facilities, the study 
advocates the use of big data analytics in conjunction with artificial intelligence techniques. In particular, the 
implementation of neuro-fuzzy systems is emphasized, allowing for greater flexibility in decision-making 
processes under conditions of uncertainty, incomplete information, and dynamic load variations. The 
proposed framework contributes to improving the resilience, energy efficiency, and overall reliability of 
modern energy systems. 

1 INTRODUCTION 

Modern trends in the development of power 
systems—such as the widespread integration of 
distributed energy resources (DERs), including solar 
and wind power, and the growing demand for 
electricity—have necessitated the digitalization of 
energy infrastructures (Vorob'ev, Vorob'eva, 
Makarov, Svirkov, Sysoev, Artem'ev, Belyaev, 
Fedosova, Bogatyreva, 2019). This transformation 
increasingly relies on artificial intelligence (AI) 
technologies that enhance system adaptability in 
response to dynamic operational conditions. In light 
of these challenges, there is a heightened demand for 
intelligent systems capable of not only real-time 
energy flow management but also highly accurate 
forecasting of future consumption and generation 
trends (Marzband, Amjady, Savaghebi, 2023; 
Utkarsh, Feng, Zhang, Li, 2022; Nasiri, Bahrami, 
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2021; Siddikov, Alimova, Rustamova, Usanov, 2025; 
Lazareva, Porubaj, 2024). 

This growing reliance on information and 
intelligent technologies in energy generation 
management is closely linked to advancements in 
machine learning methods, which provide 
autonomous learning capabilities based on historical 
data. These capabilities allow intelligent systems to 
accurately forecast energy consumption patterns and 
support effective, data-driven decision-making for 
power system operation. The hybrid use of AI and 
machine learning techniques in energy management 
offers substantial benefits, including reduced energy 
losses, enhanced reliability, and increased resilience 
of energy infrastructure—largely due to the improved 
precision in load forecasting and control 
optimization. At present, most energy management 
systems rely on mathematical modeling approaches 
grounded in deterministic and probabilistic methods 
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(Martins, da Silva, 2020; Chen, Wang, Liu, 2023). 
These models require precise input data and are 
constrained by the operational limitations of power 
equipment. However, the continuous nature of 
processes in electric power systems, coupled with the 
discrete nature of state assessments—often without 
considering system structure—leads to control delays 
and information loss, necessitating the frequent 
recalibration of the underlying mathematical models. 

Moreover, real-world energy control systems are 
subject to constant internal and external stochastic 
influences that must be considered when developing 
effective and adaptive control mechanisms. These 
challenges underscore the necessity of advancing 
existing methods through their integration with 
machine learning and big data analytics to enable 
accurate, real-time assessments and management of 
energy systems under uncertainty. To address these 
issues, the proposed intelligent system incorporates 
machine learning algorithms and neuro-fuzzy 
networks, providing the flexibility required to 
overcome the aforementioned limitations. 
Historically, thermal load management in the energy 
sector has relied on automatic control theory and 
statistical models, such as regression and correlation 
analysis. While these approaches have proven 
effective under stable conditions, they suffer from 
several drawbacks, including high sensitivity to 
fluctuations, limited adaptability to rapid changes in 
demand, and poor scalability in processing large 
datasets (Lee, Kim, 2021; Karthikeyan, Kumar, 2020; 
Siddikov, Nashvandova, Alimova, 2024; Yakubova, 
Usmanov, Turakulov, Eshbobaev, 2025). 

One promising direction for addressing these 
limitations lies in the integration of Internet of Things 
(IoT) technologies and big data analytics. By 
collecting and analyzing real-time data from multiple 
distributed sensors, it becomes possible to obtain 
accurate insights into the operational status of energy 
assets. This, in turn, improves the system’s ability to 
anticipate and adapt to load fluctuations. Another 
advanced approach involves the deployment of 
hybrid models that combine traditional mathematical 
modeling with machine learning techniques to 
enhance forecasting and energy distribution 
optimization. For instance, the integration of 
recurrent neural networks (RNNs) with time-series 
analysis has been shown to significantly improve the 
accuracy of both short-term and long-term demand 
forecasts, thereby enhancing the responsiveness and 
quality of system control (Siddikov, Khalmatov, 
Alimova, Feruzaxon, Usanov, 2024; Alhelou, 
Shrestha, 2021; Siddikov, Ibragimov, Rustamova, 
2024). 

Among the most effective solutions for improving 
the accuracy of forecasting and enhancing the 
reliability of control decisions is the application of AI 
techniques, including machine learning, neural 
networks, and genetic algorithms (Smolyarov, 2024). 
These technologies allow systems to autonomously 
adapt to changing demands and external conditions 
while minimizing human error and optimizing 
decision-making processes (Wu, Zhao, Han, 2022). 
The proposed approach to managing the operational 
modes of energy facilities offers the potential to 
significantly improve the performance of power 
system control by enabling more precise forecasting 
and optimal energy flow distribution (Usmanov, 
Eshbobaev, Yakubova, 2023; Siddikov, Izmaylova, 
Miraliyeva, Iskandarov, 2023; Porubay, Siddikov, 
Madina, 2022).  

2 SOLUTION METHOD 

In electrical power systems, a stringent balance of 
active power exists between electricity generation 
sources and consumers. Besides the active electrical 
power, it is necessary to include the overall power 
losses occurring in the electrical network, which 
result from technical energy dissipation during its 
transmission (Siddikov, Porubay, Mirjalilov, 2022; 
Ali, Abbas, Javed, 2023; Guo, Wang, Yang, 2021; 
Siddikov, Porubay, 2021). The energy balance can be 
represented in an integral form as follows: 

 

( ) ( ) ( ) ( ) ( )∫∑∫∫∫∫ ∆+=−+
tt

П

t

AKK

t

АИЭЭС dttPdttPdttPdttPdttP
0000

t

0

 

 
where 

ЭСP – the electrical energy supplied by the 
sources; 

  –
АИЭP  the power generated by renewable 

(alternative) energy sources; 
  – 

AKKP  power of the battery storage system; 
  – 

ПP  power consumed by electrical consumers; 
  – ( )∑∆ tP  total active power losses in the 

electrical network. The objective of optimizing the 
operational modes of the power system is to 
determine the optimal values of active and reactive 
power of power system (Vorob'ev, Vorob'eva, 
Makarov, Svirkov, Sysoev, Artem'ev, Belyaev, 
Fedosova, Bogatyreva, 2019) units, as well as the 
voltage and frequency at reference load nodes. 
Solutions to this optimization problem enable 
minimization of electrical power losses while 
ensuring reliable power supply to all consumers at 
minimal cost. The dynamics of these parameters are 
described by equations and inequalities (Marzband, 
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Amjady, Savaghebi, 2023; Utkarsh, Feng, Zhang, Li, 
2022; Nasiri, Bahrami, 2021; Siddikov, Alimova, 
Rustamova, Usanov, 2025; Lazareva, Porubaj, 2024; 
Martins, da Silva, 2020; Chen, Wang, Liu, 2023; 
Karthikeyan, Kumar, 2020; Siddikov, Nashvandova, 
Alimova, 2024; Yakubova, Usmanov, Turakulov, 
Eshbobaev, 2025; Siddikov, Khalmatov, Alimova, 
Feruzaxon, Usanov, 2024; Alhelou, Shrestha, 2021; 
Siddikov, Ibragimov, Rustamova, 2024; Smolyarov, 
2024; Wu, Zhao, Han, 2022). Variations in these 
variables have probabilistic and technological 
characteristics. These and other factors necessitate the 
enhancement of the optimization algorithm for 
operational modes based on intelligent technology 
methods (Lazareva, Porubaj, 2024; Siddikov, 
Porubay, 2021; Ahmad, Khan, 2022; Hasan, Hasan, 
2023; Eshbobaev, Norkobilov, Usmanov, Khamidov, 
Kodirov, Avezov, 2024; Tang, Zhou, 2021; Siddikov, 
Umurzakova, 2019; Jinsen Liu, Molin He, Jie Wang, 
Jie Lu, 2024; Shalaby, Ortiz, Ammar, 2020; Rejabov, 
Usmonov, Usmanov, Artikov, 2024; Morkowski, 
2024; Usmanov, Yakubova, Maksudova, Islomova, 
Ungbayeva, 2024). 

A crucial performance metric for energy facilities 
is maintaining balance between energy production 
and consumption. Considering active power losses at 
system load nodes: 

 
,РАЗРЕАЛНАГР PPPP ∆+∆+∆=∆ Σ  

 
where Σ∆P - total active power loss in power 

systems; НАГРP∆ – active power losses at nodal loads; 

РЕАЛP∆  - normalized values of active power losses, 
without power discharge; РАЗP∆ - active power losses 
in electrical transmission lines. 

The goal is to minimize active power losses of 
electrical energy at the system nodes: 

 

( )

min,

1

100
1

1)(

1 1

)()(

2

)(
)(

2
%

2

22

→



























⋅⋅∆+









⋅∆+

+



















−







 ∆
+

⋅
⋅




 +

== ∑ ∑
= =

k

i

k

i

iUрраiiраз
iуст

i
ixx

ii

Эiii

i

kLP
U

UP

UU

RUQUP

WW

 

 
where W  - active power losses at nodes of the 

electrical network (); 
 LRЭ , - active and inductive resistance 

transmission lines;  
 %U∆ - voltage variation in electrical networks;  

)(ixxP∆ - power loss during no-load operation;  

)(iфT∆  - duration of EPS operation during energy 
transmission;  

)(iразP∆  - specific power losses during battery 
discharge;  

)(iUрраk - coefficient of power loss during 
discharge. 

The constraints are boundary conditions 
(Porubay, Siddikov, Madina, 2022): 
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where )()()()( ,,, iвнешiвнiвнешiвн QQРР  - internal 
and external values of active and reactive power 
respectively (Lazareva, Porubaj, 2024). 

To solve forecasting and energy consumption 
optimization tasks, a fuzzy neural network was 
chosen, which (Siddikov, Porubay, 2021) 
significantly enhances the adaptive properties of the 
neural network. 

The mathematical forecasting model is 
formulated as (Ahmad, Khan, 2022): 

( ) ,1 фkk XkФX ξ+=+  

where ( )kФ is a load variation curve, фξ is the 
stochastic components. Then, the control conclusions 
can be represented as (Tang, Zhou, 2021): 
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where kR - set of control rules for operation;  

( ) ( ) ( )( )txtxtx m,...,1=  – input variables;  ( )ty - 

output variables;   kk
r

k YXX ,,1 - domains of input 

and output variables;  ka0  - mapping of output signals 
to weighted input influence (Rejabov, Usmonov, 
Usmanov, Artikov, 2024).  

An important stage in forming the fuzzy neural 
network is its training process. Training the neural 
network is generally considered as a multi-extremal 
optimization problem. 

The quality of the network training is evaluated by 
a function describing the sum of squared differences 
between the actual and expected output signal values 
(Usmanov, Yakubova, Maksudova, Islomova, 
Ungbayeva, 2024): 
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where m - number of output neurons in the 

network;  
  j - number of training samples input to the 

network; 
( )j
my  - output of the neural network; 

 ( )j
me - required output signal value; 

 ( )wE -  objective (loss) function of the neural 
network. 

Using this approach, the predicted value of energy 
consumption is formed as: 

 
( ) ( ) ( ) ( )( ),,...,, 21 xyxyxyFxy n=  

 
where ( )xyi  — data obtained at discrete time 

moments; 
F   — function defining the resulting forecast. 
In general, the proposed neural network has a 

three-level structure. The input to the neurons of the 
first level is the training sample vector, and the output 
provides the predicted energy consumption values. 
The input vector of the second level is the output 
variable vector of the first level, but the number of 
neurons is reduced and trained similarly. 

The neurons of the third level can be described in 
aggregated form: 
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where  
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— activation functions of the internal layers of the 
neural networks; 

 

[ ] [ ]TB
n

BBBTB
n

BBB fffFfffF
21 222212112111 ...,... == — 

activation functions of the output layers of the neural 
networks; 

3f — activation function of the third layer of the 
third-level neural network; 

Bf 3   — activation function of the output neuron 
of the neural network 

w   — synaptic weights of the layers of the neural 
networks. 

Such a representation of the neural network 
structure facilitates the refinement of energy 
consumption forecasts at every level of the hierarchy, 
which significantly enhances the neural network 
architecture and leads to a reduction in the number of 
tunable synaptic connections. 

3 RESULTS 

To evaluate the feasibility of the proposed approach, 
a comparison was carried out between two well-
known methods: the Least Squares Method and the 
Backpropagation Error Method. The analysis 
revealed that using the Least Squares Method to solve 
the forecasting problem resulted in an average error 
of 2.5%, with a training time of 9.1 seconds. In 
contrast, the application of the proposed approach 
resulted in a lower average training error of 2.1%, and 
a shorter training time of 8.5 seconds. The study also 
proposes a synthesis methodology for managing the 
operational modes of power system facilities. 

4 CONCLUSIONS 

An algorithm for tuning a fuzzy neural network has 
been developed, distinguished by its capability to 
utilize data obtained from implementing multi-
alternative training procedures for the neural network 
model. An analysis was conducted to assess the 
effectiveness of the fuzzy control model under 
various operational conditions of the local energy 
system. Additionally, a software package was 
developed for the intelligent management of energy 
supply modes. This package is based on a fuzzy 
neural network for forecasting energy consumption 
levels and a fuzzy control model. The solution is 
distinguished by its ability to integrate with 
automated dispatch control systems of energy supply 
organizations and has been tested under real-world 
operating conditions. 
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