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The article investigates a highly relevant scientific and
practical problem related to the development of
intelligent automation systems for forecasting the
operations of electric power enterprises under conditions
of high information uncertainty and incomplete input
data. Decision-makers face increasing responsibility
within a competitive business environment. This
necessitates the wurgent implementation of novel
mathematical computational models and intelligent
information technologies. The research focuses on
automating the forecasting process for electric power
enterprises. The primary goal is to develop a software
application based on formal, structural-functional, and
logical models.

In this work, a comparative review of existing forecasting
methods has been conducted, highlighting time-series
methods, exponential smoothing, simple and moving
averages. Special attention is paid to the development of
the fuzzy forecasting system architecture, which accounts
for both the probabilistic nature of the parameters and
the specific characteristics of the electric power industry.
The development cycle of the fuzzy model is described in
detail, including the stages of fuzzification of input
variables, the formation of a comprehensive knowledge
base, the configuration of the inference engine based on
fuzzy rules, and the final defuzzification process to obtain
real-world values for long-term strategies. To limit the
confidence interval of the parameters, various
membership  functions (Gaussian, triangular, and
exponential) are applied. Additionally, the model
incorporates reliability indicators for the components of
the electric power complex. It is proposed to use the
constructed knowledge base in conjunction with
statistical forecasting results to refine the trend of the
investigated parameter.

During the modeling process, three key regions of failure
rate were identified. This distribution improved the

accuracy of evaluating the equipment's technical
condition and the probability of an application failure
event. The study's result is a software complex that has
been created and fully tested, utilizing artificial
intelligence modules and a neural network-based
forecasting architecture. The conducted forecasting
experiments on retrospective data have confirmed the
high efficiency, stability, and adequacy of the developed
system and its evaluation results. Ultimately, this
approach significantly minimizes potential financial
risks and optimizes resource allocation.

Keywords: forecasting, automation, knowledge base,
model, membership function, reliability,
intellectualization

Introduction. In recent years, the interest in
and significance of forecasting have sharply
increased [1]. This interest is exhibited by both the
academic community and forecasting practitioners.
The rapid development and emergence of free
software particularly facilitate the advancement of
this field. Therefore, particularly in recent times, a
significant shift toward the creation of innovative
information systems to execute and support
forecasts has been observed [2].

The role of forecasting is constantly growing.
The reason for this lies in the continuous increase in
the responsibility for potentially erroneous actions
on the part of decision-makers. The primary and
most crucial area for implementing new forecasting
methods and tools is the production sector,
including electric power enterprises and complexes.
The operations of electric power enterprises are
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based on operational, medium-term, and long-term
forecasts.

There are numerous categories of forecasting
methods, including statistical, time series, critical,
and target forecasting. The principal ones among
these are statistical and time series methods [2].

Forecasting errors result in significant
economic losses  within power  systems.
Concurrently, an additional adverse factor

impacting forecasting quality is the unreliability and
incompleteness of input data. Under such
conditions, acquiring a valid and reliable forecast of
enterprise operations constitutes a complex and
pressing issue.

Consequently, there is a need to implement
novel mathematical computational models and
intelligent information technologies. These enable
the forecasting of electric power enterprise
operations using historical data, aiming to provide
management with timely information to deploy
control strategies that improve performance under
uncertainty [3].

In this study, the object of research is the
automation process of forecasting the operations of
electric power enterprises under conditions of
information uncertainty. The research subject
comprises structural, functional, mathematical, and
logical models, along with the software modules of
the intelligent automation system for forecasting the
operations of industrial enterprises, particularly
electric power enterprises, under conditions of
uncertainty.

A comparative literature review in the field of
forecasting was conducted, during which the
principal features of forecasting that formed the
basis for the design of a software solution were
identified [1, 3, 4]. It was deemed necessary to
incorporate fundamental methods and indicators,
such as: graphical data representation, selection of
proven forecasting methods (exponential smoothing
forecasting methods: SES, Holt, Damped, Naive),
representation of  statistical indicators and
forecasting errors, development of an algorithm to
identify an optimally tuned forecasting method, and
representation of forecasts alongside the primary
qualitative characteristics of the time series.
Furthermore, forecasting technological
advancements in the technology sector, particularly
in the electric power industry, is radically
transforming the structure and operations of these
enterprises, as well as how they justify their
decisions and formulate strategies to enhance
competitiveness in a continuously changing
environment.

The proposed research direction possesses
novelty, which lies in the fact that the developed
intelligent automation software complex differs
from existing counterparts in that, based on novel
structural, functional, mathematical, and logical
models, it ensures an intelligent forecasting process
accounting for the uncertainty of input parameters
within the industrial environment of electric power
enterprises. Introduction. In recent years, the
interest in and significance of forecasting have
sharply increased [1]. This interest is exhibited by
both the academic community and forecasting
practitioners. The rapid development and
emergence of free software particularly facilitate the
advancement of this field. Therefore, particularly in
recent times, a significant shift toward the creation
of innovative information systems to execute and
support forecasts has been observed [2].

The role of forecasting is constantly growing.
The reason for this lies in the continuous increase in
the responsibility for potentially erroneous actions
on the part of decision-makers. The primary and
most crucial area for implementing new forecasting
methods and tools is the production sector,
including electric power enterprises and complexes.
The operations of electric power enterprises are
based on operational, medium-term, and long-term
forecasts.

There are numerous categories of forecasting
methods, including statistical, time series, critical,
and target forecasting. The principal ones among
these are statistical and time series methods [2].

Forecasting errors result in significant
economic  losses  within power  systems.
Concurrently, an additional adverse factor

impacting forecasting quality is the unreliability and
incompleteness of input data. Under such
conditions, acquiring a valid and reliable forecast of
enterprise operations constitutes a complex and
pressing issue.

Consequently, there is a need to implement
novel mathematical computational models and
intelligent information technologies. These enable
the forecasting of electric power enterprise
operations using historical data, aiming to provide
management with timely information to deploy
control strategies that improve performance under
uncertainty [3].

In this study, the object of research is the
automation process of forecasting the operations of
electric power enterprises under conditions of
information uncertainty. The research subject
comprises structural, functional, mathematical, and
logical models, along with the software modules of
the intelligent automation system for forecasting the
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operations of industrial enterprises, particularly
electric power enterprises, under conditions of
uncertainty.

A comparative literature review in the field of
forecasting was conducted, during which the
principal features of forecasting that formed the
basis for the design of a software solution were
identified [1, 3, 4]. It was deemed necessary to
incorporate fundamental methods and indicators,
such as: graphical data representation, selection of
proven forecasting methods (exponential smoothing
forecasting methods: SES, Holt, Damped, Naive),
representation of  statistical indicators and
forecasting errors, development of an algorithm to
identify an optimally tuned forecasting method, and
representation of forecasts alongside the primary
qualitative characteristics of the time series.
Furthermore, forecasting technological
advancements in the technology sector, particularly
in the electric power industry, is radically
transforming the structure and operations of these
enterprises, as well as how they justify their
decisions and formulate strategies to enhance
competitiveness in a continuously changing
environment.

The proposed research direction possesses
novelty, which lies in the fact that the developed
intelligent automation software complex differs
from existing counterparts in that, based on novel
structural, functional, mathematical, and logical
models, it ensures an intelligent forecasting process
accounting for the uncertainty of input parameters
within the industrial environment of electric power
enterprises.

The aim of the research is to develop a
software application for the intelligent automation
of the forecasting process for the operations of
electric power enterprises under conditions of
uncertainty, based on formal, structural-functional,
and logical models of the automated forecasting
system.

Based on the conducted analysis, the following
research tasks are formulated: to develop the main
approaches to the implementation of intelligent
systems for evaluating enterprise operations; to
develop forecasting models under conditions of
uncertainty based on time series; to develop
operation algorithms for the knowledge base model
of the automated system; to develop data
management software modules for the automated
system; to conduct research on the operation of the
knowledge base of the forecasting software system;
to conduct modeling of interactive human-machine
interaction with the forecasting software system.

Presentation of the main research material.
Forecasting has become highly popular in recent
years across numerous scientific fields. The rapid
development and emergence of free software
particularly facilitates the advancement of this area.
In this context, the aim of the work is to develop an
automated, intelligent forecasting system for the
operations of electric power enterprises, serving as
a foundation for further research and a widely
applicable tool.

The essence and general strategy of forecasting
can be illustrated graphically. A graphical example
of a mathematical approach to forecasting using
regression approximation is shown in Fig. 1.
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Fig. 1. Graphical example of linear regression
approximation for forecasting

Let us briefly describe the necessary stages of
the forecasting process that were utilized during the
development of the software complex:

Step 1. Problem definition. This involves a
profound understanding of the situation, how the
forecasts will be used, who will use them, and how
the corresponding method will be adapted to the
data.

Step 2. Information gathering. The collection
of historical data regarding the considered elements
is highly important, as they constitute the
foundation wupon which the corresponding
forecasting method will be developed and adapted,
thereby yielding the forecast result.

Step 3. Exploratory analysis. The objective of
this step is to identify the pattern in the data and, in
general, extract vital information from the available
historical data. A common method for achieving the
aforementioned is data visualization via its
graphical representation. This step also indicates
which quantitative methods are appropriate to
employ.

Step 4. Model selection and adaptation. This
step entails selecting and adapting an appropriate
quantitative model to the specific data. There are
numerous factors to consider. Various simulations
are frequently required.
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Step 5. Use and evaluation of the forecasting
model. After carefully selecting an appropriate
forecasting model for each case and estimating its
parameters, the model must generate forecasts that
are subsequently evaluated.

Based on the previous considerations, let us
briefly consider some implementations of the
forecasting procedure. The so-called naive method
provides a forecast for the next time period equal to
the value recorded in the previous time period. The
mathematical formula describing this forecasting
method is as follows (1).

x,(m)=x_, (1)

Historical data can be smoothed in various
ways. Some of these include the simple average and
the moving average.

The simple average method involves
calculating the mean of all observations and using it
for forecasting. Thus, the forecast is generated
based on the following formula (2).
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Moving average. One way to control the
influence of past observations on the forecast when
the moving average method is selected is to
determine the length of the moving average to use
when deriving the forecast. The term "moving
average" is utilized to describe the process because,
as a new observation emerges, a new average value
of the most recent observations of the selected
length is calculated. The relation used for the
moving average method takes the form (3).
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An extension of the simple average methods
comprises the weighted average forecasting
methods. That is, not all observations have equal
weight in the derivation of forecasts. It is often the
case that the most recent observations provide the
best indicator for forecasting a future outcome.

The intellectualization of  forecasting
necessitates the detailed elaboration and definition
of the forecast generation processes and the
subsequent management of forecast results. In turn,
the forecast results management process requires
incorporating new observational data and
formalizing the outcomes of managerial decision-
making [3]. Based on these considerations, a
diagram of the correlation and interrelation between

the forecasting processes and the management of
forecast results has been formulated and is depicted
in Fig. 2.
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Fig. 2. Correlation between forecast generation and
forecast results management

It is evident that, in the decision-making process,
the developer or user requires an approximate estimate
of the probability of parameter values or the reliability
of the expert system [3, 4]. To overcome this problem
and limit the parameter confidence intervals, various
fuzzy membership functions (triangular, trapezoidal,
exponential, and Gaussian) are used. An example of a
Gaussian membership function is presented in Fig. 3.
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Fig. 3. Example of a Gaussian membership function

In evaluating the reliability of components of
the electric power complex, one of the crucial
functions in reliability analysis, as it demonstrates
changes in the probability of failure over the
system's service life, is the time to failure (TTF). In
practice, the TTF indicator possesses a
characteristic bathtub shape. The upper and lower
bounds of fuzzy numbers for the probability of the
forecasting result occurrence can be obtained by
assuming triangular fuzzy and exponential fuzzy
failure rates, respectively.

Consequently, let us assume that the fuzzy
exponential TTF constitutes the minimum or lower
bound for modeling. In contrast, the triangular fuzzy
failure rate constitutes the maximum or upper bound
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of the modeling results. This curve comprises three
regions: decreasing failure rate (DFR), random
failure rate (RFR), and increasing failure rate (IFR).
In the bathtub curve with a low operating time for
the TTF system, based on three fuzzy distributions,
the three failure rate regions (IFR, RFR, and DFR)
are characterized by random component failures.
The TTF system may exhibit a relatively extended
period of random failures. Furthermore, the
probability of an application failure event (EDS) is
derived from the PAND gate as the system's final
output.

At the subsequent stage of the work, the
structure of the fuzzy forecasting system was
established. This structure accounts for the specifics
of both the probabilistic nature of the forecasting
parameters and the electric power industry, which is
considered the object of research.

The methodology for developing fuzzy
systems is employed. It is of paramount importance
to properly design the fuzzy system's architecture.
The transformation of real-world values into the
fuzzy domain using membership functions is called
fuzzification of input variables in a fuzzy system.
This process is the most critical.

Following fuzzification, it is necessary to
possess a knowledge base (a set of information that
will enable imparting "intelligence" to the system)
to subsequently determine the inference engine or
the fuzzy inference process, which is the most
critical component of the entire fuzzy model, since

this specific part will execute the whole process
based on the available information. After evaluating
the fuzzy rules that link the fuzzy variables, it is
typically necessary to convert the obtained values
back to their original, real-world values, as these are
required to obtain real values derived from the fuzzy
sets defined within the output variable. In other
words, defuzzification is necessary. Fuzzy models
utilized in process control or information
technologies  generally undergo the same
application development cycle, as illustrated in
Fig. 4.
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Fig. 4. Development cycle of the fuzzy forecasting
system

Table
Input data array of the enterprise operations for forecasting
Functional parameters Time duration, h Parameter change, %
2022 | 2023 | 2024 2022/2023 2023/2024
1 2 3 4 5 6
Resource planning 23 21 15 109,52 140,00
Calculation of indicators 13 11 12 118,18 91,67
Control measures 21 15 9 140,00 166,67
Preparation of new documents 17 17 4 100,00 425,00
Accounting for depreciation costs 5 5 5 100,00 100,00
Calculation of resource allocation 29 23 13 126,09 176,92
Phased planning 15 13 7 115,38 185,71
Distribution of managerial workload 23 21 11 109,52 190,91
Drafting of legal documents 9 31 31 29,03 100,00
Preparation of long-term contracts 25 21 15 119,05 140,00
Control activities 8 5 9 160,00 55,56
Development of informational processing methods 5 5 5 100,00 100,00
Market promotion measures 23 25 25 92,00 100,00
Accounting of counterparty data 8 6 6 133,33 100,00
Tracking of counterparty loyalty 33 15 7 220,00 214,29
Implementation of modern software systems 13 17 19 76,47 89,47
Configuration of modern automation tools 114 72 85 158,33 84,71
Support and development of automated systems 13 17 17 76,47 100,00
Generalization and systematization of data arrays 114 97 54 117,53 179,63
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Fig. 5. Forecasting the process of configuring modern automation tools:
a — retrospective data as a basis for analysis and forecast, b — forecast based on the knowledge base

A large volume of data characterizing the
operations of the electric power enterprise within a
specific time period is processed in the automated
system. These data serve as the input data array for
processing and forecast generation [1, 2]. Table
presents a partial input data array for forecasting the
operations of an electric power complex.

Based on the examined concepts, approaches,
and models, a forecasting software system for
enterprise operations in the electric power complex
under conditions of incomplete information about
operational parameters has been developed. A series
of forecasting experiments was conducted using the
available data. The processing of the obtained
forecasting data results, incorporating subsequent
defuzzification operations, demonstrated the
adequacy of the constructed models and the forecast
evaluation results.

Examples of specific operational results of the
intelligent forecasting system are presented below.
Fig. 5 depicts the input data and forecasting results
for the configuration process of modern automation
tools.

The test results of the developed software
complex demonstrated that the implementation of
artificial intelligence system modules, based on
knowledge of the operational specifics of electric
power enterprises, as supplementary tools, enhances
the efficiency of evaluation and the adequacy of the
forecasting results [4, 5].

Conclusions. The necessity of forecasting in
the modern and competitive business environment
increasingly concerns enterprise  executives.
Particularly in recent times, a significant shift
toward the development of novel, intelligent
information systems for forecasting support has
been observed. In this context, the need to consider
a broader set of parameters for forecasting in both
research and operational spheres becomes evident.

To achieve the aim of the work, the software
system's knowledge base and the structure of the
forecasting neural network were constructed [6].
The knowledge base was adopted as a foundation,
and the forecasting system's operation was modeled
using the available parameters. The acquired data
permit the following conclusions to be drawn: an
analysis of intelligent system methods for forecast
implementation was conducted; the problem of
constructing a forecast for enterprise operations
under conditions of uncertainty was formulated; the
structures of the intelligent system's knowledge
base for forecasting purposes were established;
forecasting models under conditions of uncertainty
based on time series were developed; a forecasting
software system for the operations of electric power
enterprises was developed; data management
software modules for the automated system were
developed; the knowledge base of the forecasting
software system was constructed; a study of the
developed forecasting system was conducted,
which demonstrated the efficiency and adequacy of
the software complex.
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KoroB I.A., IIBeup J.B. InTesekTyanbHa
aBTOMaTH3allist npoueaypu NMPOrHO3YBaHHS
JisVILHOCTI eJIeKTPOeHepPreTUHYHUX MiANPHEMCTB

Y emammi oocnioocyemvca akmyanvha naykogo-
npaKmuyna npobrema  po3pobreHHs cucmem
iHmMeneKmyanioHol asmomamu3sayii npoyedypu
NPO2HO3Y8AHHA  OIIbHOCMI  e/leKMpPOeHep2emuyHUxX

niONpUEMCME 8 YMOBAX GUCOKO20 Pi6Hs THpopMmayitiHoi

HeBU3HAYEHOCMI mad HeNnOBHOMU  GUXIOHUX OAHUX.
3pocmannus gionogioanvHocmi ocib, AKi npuiMarme
VNPAGNIHCOK  pileHHsT 8 KOHKYpenmHoMm)y OizHec-
cepeoosu, 3YMOGIIOE  20CmMpY — HeoOXiOHicmb
8NPOBAOINCEHHS HOBUX MAMEMAMUYUHUX 0OUUCTIOBANbHUX
MoOeneli  ma  IHMENeKMyalbHUX  IHOOPMayitiHux
mexnonocitl.  O0’ekmom  Q0CHiONCEeHHsT €  npoyec
aemomamu3zayii  NPOSHO3Y6AHHSA  (DYHKYIOHYGAHHS
eleKmpOoeHepeemudHUX —NIONPUEMCME, d MEemow -
PO3pOOKa BIONOBIOHO20 NPOSPAMHO20 3ACHOCYHKY HA
OCHO8I (DOpMANbHUX, CMPYKMYPHO-QYHKYIOHATbHUX |
JIO2TYHUX MoOeTiell.

Y pobomi 30iticneno nopisuanbHull 02150 ICHYI0UUX
Memooi8 NPOSHO3YBAHHS, ceped SIKUX GUOLIEHO Memoou
4acosux paodie, eKCHOHEHYIANbHO20  32/1a0J4CY8aAHHS,
npocme ma xKossne cepedue. Ilpudineno ysazy pospobyi
apximexmypu He4imkoi cucmemu npocHO3Y8AHHA, KA
8paxo8yc IMOGIDHICHULL Xapakmep napamempie ma
cneyugbixy enexmpoenepeemuynoi 2anysi. Onucamo yuki

PO3pobNeHHA HeyimKoi MoOeni, Wo 6KIoYae emanu
@asugirayii 6xiOHUx 3MIHHUX, POpMYSanHs OA3U 3HAHD,
HANAWMYBAHHA MAWUHU 6UB00Y HA OCHOBI HEUIMKUX
npasun ma ocmamoyHoi depazughikayii O OmpUMaHHs.
peanvuux  3uauenv. Jlna  obmedcenHs — 008IpYOO
iHmepeany napamempis 3acmMoCO8AHO pI3HI QYHKYIT
NPUHANICIHCHOCMI (Iaycosi, MPUKYMHI,
eKCnoHeHyianwbHi). JJo0amkoeo 6 modeni 8paxo8aHo
NOKA3HUKU HaoiliHoCcmi KOMNOHEHMIg
eeKMpOeHep2emUi4Ho20 KOMNIEKCY. 3anponoHo8aHo
sUKOpucmogysamu nobyooeany 6azy 3HAHb CNIILHO 3
pesyivmamamy  CImamucmuiHo20 RPOSHO3VB8AHHA Ol
VMOUHEHHsL pYXY 00CHI0NCY8AH020 MPEHOY NAPAMEMPIE.

Y mpoyeci moodenosanns 6yno eudineno mpu
Ko406i  obracmi  wacmomu  6iomo8.  3azHayenul
PO3N00IN  003601UE  NIOGUUWUMU  MOYHICIb  OYIHKU
MEXHIYH020 Ccmany O0ONAOHAHHA MA UMOSIPHOCH
BUHUKHEHHs — NOOIii  GIOMOBU 8  3ACMOCYBAHHI.
Pezyromamom  Oocnioxcenns €  cmeopenuii  ma
NPOMECmoBGaHull  NPOSPAMHULL  KOMNAEKC,  SAKUll
BUKOPUCMOBYE  MOOYIL  WMYYHO20 —[HMeNeKmy ma
CMpPYKmMYpy — NPOSHO3VIOYOI  HEUPOHHOI  Mepedici.
Ilposeoeni NPOCHO3HI excnepumeHmu Ha
DPempOCneKmMUsHUX — OGHux  niomeepounu  BUCOKY
epexmusnicmb,  cmabiibHiCMb  MA  A0EKEAMHICMb
po3pobaeHoi cucmemu. 3azHaueHuu nioxio Cymmeso
MIHIMIZYE nOMeHYIUHI QIHAHCOBI PUBUKU MA ONMUMIZYE
PO3no0din pecypcis.

Knrouosi cnosa: npoeno3ysanms, agmomamusayis,
6aza 3Hamb, MOOeb, PYHKYIS HAEICHOCMI, HAOIUHICMb,
iHmenekmyanizayis
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