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As electric power systems modernize, the need to develop intelligent decision
support methods for the technical refurbishment and reconstruction of
electrical grid facilities is increasing. This study aims to develop an intelligent
approach to selecting priority alternatives for modernizing power grid
facilities based on artificial neural networks (ANN). This paper proposes a
two-level decision-making structure: a tactical level for selecting preferred
alternatives for individual power grid facilities, and a strategic level for setting
modernization priorities at the regional power grid level. To evaluate
alternatives, a system of specific criteria was developed, encompassing
economic, technical, reliability, and socio-environmental indicators. A new
criterion for unifying equipment nomenclature is proposed, enabling the
classification of technical solutions and the clustering of alternatives using
Kohonen self-organizing maps (SOM). A multilayer neural network trained
with backpropagation was employed to evaluate alternative preferences.
Experimental studies have shown that the best results are achieved with the
Levenberg-Marquardt (LM) algorithm and a three-layer network architecture,
yielding an F-score of up to 0.979 and a classification accuracy of 99.04%.
The results confirm the effectiveness of neural network methods for intelligent
decision support in modernizing the electric power infrastructure.
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1. INTRODUCTION

The electric power industry is the basis of socio-economic development and a key factor in ensuring
the sustainable functioning of industry, transportation, housing, utilities, and other sectors. One of the most
important indicators of the state of the country's electric power industry is the reliability and efficiency of
electric grids, which ensure the transmission and distribution of electric power from generation sources to end
consumers. In the context of growing energy consumption, technical wear and tear of equipment, and new
requirements for the stability of power systems, it becomes extremely important to maintain a high level of
infrastructure readiness. This requires large-scale measures for technical re-equipment and reconstruction
(TRR) of substations and power transmission lines [1].

In the scientific literature, the modernization and development of electric power systems are addressed
using various decision-support methods, including multicriteria analysis, optimization models, and artificial
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intelligence. In particular, methods such as the analytic hierarchy process, fuzzy logic, and evolutionary
algorithms are widely used, enabling consideration of numerous technical, economic, and operational factors
when selecting energy infrastructure development alternatives. In recent years, particular attention has been
paid to the use of machine learning methods and artificial neural networks (ANN), which can process large
volumes of data, identify hidden dependencies, and adapt to changing operating conditions in energy systems.

Solving the tasks of power grid modernization is a complex and multilevel process associated with
large amounts of calculations and the need to process data, which are often characterized by uncertainty and
the presence of interference [2]. Therefore, an urgent task is the use of advanced information technologies that
can not only facilitate the process of information processing, but also support informed decision-making at
different levels of management [3]. In this context, automated decision support systems (ADSS) represent an
important tool to improve the efficiency and accuracy of planning and management of the process of TRR of
power system facilities [4]. Despite significant research on the application of intelligent methods in the energy
sector, several important issues remain understudied. In particular, existing decision support methods often
focus either on local optimization of individual facilities or on strategic planning for the development of the
energy system as a whole. Furthermore, approaches to integrating tactical and strategic decision-making within
a unified intelligent system remain underdeveloped. In addition, most studies insufficiently account for the
standardization of technical solutions and equipment classification, which can significantly affect the efficiency
of energy infrastructure operations and modernization.

In this regard, a pressing scientific challenge is the development of intelligent decision-support
methods that enable a comprehensive assessment of energy facility modernization alternatives, accounting for
multiple criteria and the uncertainty inherent in the initial information. Of particular interest is the use of ANN
to classify and analyze alternative solutions based on multi-criteria data. The paper proposes a two-level
structure of the decision-making process for TRR of a regional power system (RPS). This structure includes
tactical and strategic levels of decision-making [5]. At the tactical level, the evaluation and selection of
preferred alternatives among the power grid facilities to be modernized is carried out. The strategic level
defines priority alternatives for the TRR of RPS, which are formed from pre-selected alternatives of grid
facilities. This approach allows taking into account both short-term and long-term perspectives, increasing
flexibility and adaptability of the power system to changing conditions [6].

Unlike ANN-based approaches focused primarily on prediction, operating-mode optimization, or
classification as isolated tasks, the proposed approach integrates the generation, multi-criteria evaluation,
clustering, and selection of modernization alternatives within a unified two-level tactical-strategic decision-
making structure. Its distinctive feature is the introduction of an equipment nomenclature unification criterion,
which incorporates the recurrence of standardized technical solutions into the evaluation of modernization
alternatives. Thus, the novelty lies not in the ANN or self-organizing map (SOM) algorithms themselves, but
in their integration into a structured decision-making procedure for TRR of power grid facilities.

2. AREVIEW OF THE LITERATURE

Analysis of modern research in the field of decision-making in the reconstruction and modernization
of energy systems shows that this process can be divided into several key stages: the formation of alternatives,
their evaluation, and the selection of priority solutions for implementation. Numerous studies emphasize the
importance of a multi-criteria approach that allows taking into account a wide range of factors influencing the
development and operation of energy facilities [7], [8]. This approach is particularly relevant under conditions
of uncertainty and dynamically changing external factors typical for modern power systems.

At the tactical level of decision-making, a number of studies highlight several important requirements
for algorithms used in power system management [9]-[11]. These requirements include multi-criteria
evaluation that considers reliability, cost, service life, and environmental impact. In addition, decision support
systems should demonstrate high adaptability to changing operating conditions. Other important characteristics
include minimizing human involvement to reduce subjectivity, ensuring rapid response, and maintaining
robustness against data uncertainty and disturbances.

To address these challenges, artificial intelligence technologies, particularly ANN, have been
increasingly applied in recent years [12]-[14]. Neural networks have demonstrated strong capabilities in
solving classification and pattern recognition problems without direct expert intervention. Their ability to
identify hidden relationships in complex datasets makes them especially suitable for decision support tasks in
energy systems. Further research has contributed to the development of training algorithms and neural network
architectures, which enabled their broader application in various engineering domains, including power system
management [15].

Recent studies have also demonstrated that neural network models can effectively process large
volumes of heterogeneous data, including incomplete and noisy information [16], [17]. This capability allows
such models to operate efficiently under uncertainty and complex operating conditions typical of energy
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infrastructure systems. Moreover, artificial intelligence methods have shown significant potential in enhancing
ADSS and improving the efficiency of managing complex energy facilities [18], [19].

The integration of ANN into decision support systems for power system modernization has also been
actively investigated in recent studies [20], [21]. These approaches improve the reliability and efficiency of
planning reconstruction and modernization measures by enabling more accurate evaluation and prioritization
of alternatives. Adaptive and data-driven models allow systems to respond to changing operational conditions
and increase the overall resilience of power systems [22].

Based on the analysis of existing scientific research, the main stages of the decision-making process
can be summarized as follows: formation of a set of alternatives, their comprehensive evaluation using
quantitative and qualitative criteria, and the selection of the optimal solution. At the tactical level, decision-
making methods should satisfy several key requirements, including multi-criteria evaluation, adaptability,
reduced human influence, high processing speed, and robustness. ANN meet these requirements due to their
ability to learn from data, process large volumes of information, operate in real time, and maintain high
adaptability in dynamic environments.

3. MATERIALS AND METHODS

The dataset was generated from combinations of technical and operational parameters of power grid
facilities, including equipment condition, transmission-line configuration, substation equipment
characteristics, load indicators, and operating conditions. The source parameter ranges were derived from
operational characteristics and standard technical specifications of power-grid equipment; therefore, the
generated alternatives represent technically feasible modernization configurations rather than arbitrary
synthetic samples. The data were normalized to a dimensionless scale and separated into training and
independent test sets, with the latter used exclusively for performance evaluation.

The decision-making process using an ANN is considered a classification problem. To solve it, a
multilayer perceptron architecture trained by backpropagation is used [23]. The architecture of the neural
network used for classification of modernization alternatives is shown in Figure 1. This approach is
characterized by high efficiency, relative ease of implementation, and the ability to vary the network structure,
including the number of hidden layers, the number of neurons, and the training algorithms used. To solve the
problem of clustering alternatives, Kohonen SOM are used, which offer several advantages, such as high
learning speed, robustness to noisy and incomplete data, the ability to identify hidden patterns, and the ability
to visually analyze multidimensional data [24].
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Figure 1. Architecture of the ANN used for classification of modernization alternatives

The proposed DSS implements a sequential decision-support workflow for power grid modernization.
Technical and operational data of grid facilities are first processed to assess equipment condition and
prospective load. Feasible TRR alternatives are then generated and evaluated using the proposed multi-criteria
system. At the tactical level, the ANN classifies these alternatives as preferred or unacceptable, while at the
strategic level, the preferred alternatives are prioritized for regional modernization planning. Thus, the DSS
transforms facility data into ranked modernization recommendations for the decision maker. The following
mathematical models implement the main stages of this workflow:

— Model of power reserve assessment. Depending on the level of current and prospective load, installed
capacity of the ES object equipment, the maximum prospective load S,,,,,, and load growth factor k;; were
determined;

— Model for assessing the technical condition of the main technological equipment, developed based on the
methods set out in regulatory documents, by determining the technical condition index (TCI):
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50| X WSn; - TCIn; > 50,TCIn; < 25

TClop = {2 WSn; - TCIn; 1)

where, WSn; is the normalized weighted score of node i and TCIn; is an integral index of technical

serviceability of node i;

— Model of selection of measures for TRR of ES objects and type of nomenclature works, based on the above
models:
if Spax < 100%, k; <1 and 0 < TCI < 50, then technical re-equipment;
if Spax < 100%, k; <1 and 50 < TCI < 70, then reconstruction;
if S;ax~100%, k;; > 1 TCI =V, then technical re-equipment.

— Model for determining the parameters of the ES object alternatives, which takes into account the
characteristics of the object, the type of equipment to be replaced and the type of nomenclature works. Each
alternative of the ES object is proposed to be represented as a set of agreed parameters, selected from a
possible set of values entered into the database: “Number of lines” NL{nl;,nl,, ..., nl,,} — number of
transmission lines; «distance to power source» DP{dp, dp,, ..., dp,} — distance to the power source (e.g.,
substation); «Conductor Type» CT{ct,, ct,, ..., ct,} — conductor type (cable brand: AC, ASC, and CIP);
«Number of Circuits» NC{nc,,nc,, ...,nc,} — number of electric circuits (single-circuit/double-circuit
line); «Support Type» ST{stl, N stj} —type of support (reinforced concrete, steel, and wooden); «Area
of Wire» AW{aw,, aw,, ..., aw, } — wire cross-section (in mm?); «Scheme Number» SN{sny, sn,, ..., sn;}
— substation circuit number (e.g., 110 kV-1 and 110 kV-2); “Circuit Breaker Type (High Voltage)”
CByy{cbyy1, cbyyz, ..., chyyn} — type of circuit breaker on the higher voltage side; “Circuit Breaker Type
(Low Voltage)” CBy{cb.y1, by, ..., cbyn} — type of breaker on the low voltage side; «Transformer
Power» TP{tp,, tp,, ..., tp,} — transformer power (in MVA).

— Model of compiling a tuple of alternatives of the ES object. For the formation of alternatives, it is proposed
to use cyclic search, in the course of which the elements of sets are matched and the conformity of the
current equipment to the level of prospective load is checked. By determining the Cartesian product of
nomenclature data, a set of alternatives is formed:

ALT{ALT,, ALT,, ...ALT,;} = NL X DP X CT X NC X ST X AW x SN X CByy X TP X CBy, (2)
Each of the alternatives is a tuple of length equal to 10:

ALTq{de, Cty, N, NC, AWy, Stj, SN, Chyyp, tyy) chVh}lnlmeNL Adp,eDP A ct,eCT Anc,eNC A
st;eST A awy €AW A snieSN A cbyy€CByy A tp,€TP A cbyyreCByy 3)

To evaluate the formed alternatives of the ES object, mathematical models of the following private evaluation
criteria are justified and adapted:
— Total discounted cost criterion TDC (economic criterion):

TDC = Z;L%R(Cu + Cpct + Caist — Crest) ' (1 + Enorm)_t + ZE:C:TRR aser(CLt + CPCt)(l + Enorm)_t (4)
where, C;, is capital investments for construction of lines in the t-th year; Cp¢, is capital investments for
construction of substations in the t-th year; Cy; ¢ IS cost of equipment dismantling in the t-th year; C,.q; IS
residual value of equipment in the t-th year; E,,,,» is hormative coefficient of capital investments efficiency;
aser is rate of deductions for current repair and maintenance; trgg and t.,, are current years of TP&R and
operation of the facility;

— Criterion of annual electricity loss AW (technical criterion):

AW = AWyxx + AW oaar + AWeonsipe + AWeonser + AWigaar, )

where, AWy, AW,,qar — constant and load losses in transformers; AW,,...pc — aggregated constant power
losses in substation; and AW,p,se1, AW oear, — aggregated constant and load power losses in lines;
— Criterion of economic losses from power supply disruption EPI (technical and economic criterion):

EPI = Bpgx * (EPly + EPLyy,) - (Cpy + 0,5 - Cpp) + Z{'czlzgebp.i TP Wi, (6)

where, P, is maximum power demand of consumers; EPI, is specific damage caused by power supply
interruptions; EPI,,, is unearned income from the transmission of electricity to consumers; Cg, is forced
downtime coefficients in the event of a complete power outage; Cg, is forced downtime coefficients for
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consumers connected to one of the substation sections; zﬁfp_i is cost of restoring damaged equipment;

p is number of units of the same type of equipment; w is equipment failure rate; and k is number of equipment

types.
— Criterion of the area of land to be withdrawn (socio-ecological criterion):

S = Seqr " L + Ssqre) (7

where, Sy, is land area allocation for standard transmission line supports per 1 km of overhead line (OHL); L
is length of the overhead line; and S,,pc is land area allocation for the substation.

It was proposed and justified the introduction of a new technical and operational criterion into the
system of private criteria — the criterion of unification of the electric grid facilities nomenclature, the value of
which makes it possible to assess how often a set of parameters of equipment of the same standard size is
encountered in the existing practice of operation:

N =n;/Top; (8)

where, n; is the number of ES objects with relatively similar equipment (number of objects in the i-th cluster)
and T,y,; is the total number of existing ES objects.

To calculate the unification criterion, existing technical and operational solutions were preliminarily
typified using a Kohonen SOM. The clustering procedure identified four recurrent groups of equipment
configurations; therefore, four output neurons were used, each corresponding to one identified cluster. The cluster
size was subsequently used to calculate the recurrence of standardized technical solutions according to (8).

A method for evaluating alternatives to an ES object has been developed and implemented using
neural networks. The ANN was trained using the backpropagation algorithm, which allows for adjusting the
values of the weights that connect neurons during training until the error value reaches a specified minimum.
A set of input value vectors consisting of the criteria for evaluating the alternative X and the corresponding
output values of the preference coefficient T was used to train the ANN:

(Alt;, Pref;), 9

where, i is the number of the alternative in the training sample and Pref; is a binary output vector taking the
values 0 or 1.

The binary target value T was assigned according to the multi-criteria evaluation of each alternative:
alternatives satisfying the admissible technical and operational requirements and demonstrating preferable
values of the normalized evaluation criteria were assigned to the preferred class (T=1), whereas alternatives
failing these requirements were assigned to the unacceptable class (T=0); X is the vector of input criteria
reduced to unit scale.

Alt; = {CE;/N,AE;/N,Y;/N,S;/N, Q;}, (10)

where, CE; is cost efficiency; AE; is energy losses. Y; is productivity; S; is safety level; Q; is quantity of
resources; and N is normalization parameter.

A multilayer perceptron architecture with multiple hidden layers was used to train the neural network.
The input layer was formed based on a vector of alternative evaluation criteria, including economic, technical,
operational, and resource indicators. The network was trained using various optimization algorithms, including
Levenberg-Marquardt (LM), resilient backpropagation, adaptive gradient descent, quasi-Newton, and scaled
conjugate gradient. To assess generalization performance, the data were separated into training and
independent test sets; the test data were not used during training and were employed exclusively for the final
performance evaluation. To evaluate the efficiency of the ANN functioning within the framework of the
problem being solved, two indicators were used: the share of correctly classified solutions and F-measure,
which characterizes the balance between the accuracy and completeness indicators as a harmonic average of
the values of these metrics:

F=2-CR/(2-CR+ MS + FA) (11)

where, correct resolutions (CR) is the number of correct solutions; missed solutions (MS) is number of missed
solutions; and false alarms (FA) is number of false alarms.
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The neural network training process was carried out iteratively with classification error function
minimization. At each training step, the network weights were adjusted based on the calculated error between
actual and predicted values. To assess potential overfitting, the model was evaluated on an independent test
set. Model performance was assessed based on classification accuracy and the F-score, which enabled the
identification of the most effective network architecture and training algorithm.

To ensure reproducibility of the experimental results, the neural network architecture parameters,
training algorithms, and performance evaluation criteria were fixed and used uniformly for all network
configurations studied. This allowed for a fair comparison of the various training algorithms and the
determination of the optimal neural network architecture for classifying energy system modernization
alternatives.

4. RESULTS AND DISCUSSION
4.1. Selection of training architecture and algorithm

This experimental study aims to evaluate the effectiveness of ANN for classifying alternatives for
modernizing electric power grid facilities. Similar classification and optimization problems are widely
considered in modern research on the application of machine learning methods in the energy sector, where
neural networks demonstrate high efficiency in analyzing complex multi-criteria data and making management
decisions under uncertainty.

The experiments evaluated the performance of various neural network architectures and training
algorithms using test data not included in the training set. The primary evaluation criterion was the F-score, a
metric characterizing the balance between classification accuracy and recall, where a value close to 1 indicates
high model performance. The use of the F-measure as an integral indicator of classification quality is widely
used in data mining and neural network training tasks, since this indicator allows one to simultaneously take
into account the accuracy and completeness of the classification of machine learning models [25]. Additionally,
the percentage of correct answers (%) was calculated, reflecting the proportion of correctly classified objects.
The network architecture and training algorithm were selected experimentally and evaluated based on the
performance of the ANN on data not used in the training process. The experiment utilized neural networks
with two and three hidden layers, with the number of neurons ranging from 2 to 30, as shown in Figure 2. The
obtained F-measure values and the corresponding ANN architectures for different training algorithms are
summarized in Table 1.

Figure 2. Neural network architectures used in the experimental study

Table 1. Main characteristic parameters of ANN

- . Number of Number of neurons in Maximum F- % correct
ANN training algorithm | .

ayers hidden layers measure answers
LM algorithm 2 19;9 0.957 97.83
3 5;17; 26 0.979 99.04
Resilient backpropagation algorithm 2 17,25 0.949 97.38
3 9;13; 25 0.949 97.47
Gradient descent with adaptive learning 2 19; 23 0.938 97.02
3 11; 29; 13 0.937 97.22
Quasi-Newton method 2 12; 27 0.930 96.78
3 4;10; 16 0.941 97.21
Scaled conjugate gradient method 2 3;15 0.911 95.69
3 5;10; 9 0.919 96.13
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The reported performance was evaluated on independent test data not used during ANN training. In
addition, sensitivity analysis was performed by varying the number of hidden layers, neurons, and training
algorithms; the comparative results in Table 1 show that the classification performance remained high across
the evaluated configurations (F-score 0.911-0.979 and accuracy 95.69-99.04%). Thus, the 99.04% accuracy
represents the best-performing configuration rather than a single isolated training result. Nevertheless, further
validation using larger real-world datasets and cross-validation is required to confirm the model's
generalization under broader operating conditions.

The ANN architecture was selected experimentally rather than predefined. Among the evaluated two-
and three-hidden-layer configurations with 2—-30 neurons per layer, the 5—17—26 architecture trained by the
LM algorithm achieved the best performance, with an F-score of 0.979 and 99.04% correctly classified
alternatives (Table 1). Therefore, this configuration was selected as the final model.

Compared with recent intelligent power-system approaches, including graph neural networks,
transformer-based models, reinforcement learning, and federated learning, the proposed method addresses a
different task: multi-criteria classification and prioritization of modernization alternatives rather than network-
state prediction or operational control. Its advantage is the relatively simple integration of heterogeneous
technical and economic criteria into a two-level decision-making workflow, while more advanced architectures
may provide greater scalability and adaptability for large dynamic power systems. Therefore, their integration
and comparative evaluation represent an important direction for further research.

4.2. Discussion of results

The superior performance of the LM algorithm in the present problem can be associated with the
nonlinear and interdependent nature of the economic, technical, reliability, resource, and operational criteria
used to evaluate modernization alternatives. For this multi-criteria classification task, LM provided the best
balance between model complexity and classification performance, reaching an F-score of 0.979 and an
accuracy of 99.04% with the 5—17—26 architecture. In contrast, the other evaluated algorithms achieved
F-scores of 0.911-0.949 and accuracies of 95.69-97.47%, indicating that the choice of training algorithm has
a measurable influence on alternative classification. However, the higher computational requirements of LM
should be considered for real-time deployment; less computationally demanding methods may remain
preferable when processing resources are limited. These results are specific to the investigated modernization-
alternative classification problem and should not be interpreted as demonstrating universal superiority of LM
over other learning methods.

From a practical perspective, the proposed workflow is intended to support, rather than replace, the
power-system decision maker. The ANN performs automated screening of modernization alternatives, while
the final prioritization remains available for engineering and managerial assessment. Such a workflow reduces
the number of alternatives requiring manual analysis and can support regional TRR planning; however,
practical deployment requires integration with operational databases and validation under real operating
conditions.

The present study has several limitations. The framework was evaluated under the considered
technical and operational conditions; robustness to noisy or missing measurements, cyber-physical
disturbances, parameter uncertainty, and scalability to larger networks with high renewable penetration require
further investigation. Although sensitivity analysis demonstrated the influence of ANN architecture and
training parameters, additional explainability techniques, including feature-importance analysis, could improve
the transparency of decisions for power-system operators. Future work will therefore focus on robustness,
explainability, scalability, and validation of the framework under broader real-world operating conditions.

5. CONCLUSION

The paper proposes an intelligent approach to decision support for the TRR of electrical grid facilities
based on ANN. A two-level decision-making structure has been developed, including a tactical level for
selecting preferred alternatives for individual power grid facilities and a strategic level for setting
modernization priorities at the regional power grid level. A system for multi-criteria evaluation of alternatives
has been developed within the study, taking into account economic, technical, reliability, and socio-
environmental indicators. The scientific novelty of the work lies in the introduction of a criterion for the
unification of equipment nomenclature, which makes it possible to take into account the degree of
standardization of technical solutions and use clustering methods to analyze modernization alternatives.
Experimental studies have demonstrated the high efficiency of using neural networks for classifying
alternatives for power grid facility modernization. The best results were obtained using the LM algorithm,
which provided a maximum F-measure value of 0.979 and a classification accuracy of 99.04%. The obtained
results confirm the potential of applying artificial intelligence methods in intelligent decision support systems
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for the modernization of electric power infrastructure. In the future, it is planned to expand the model by
integrating digital twins of energy facilities and developing adaptive self-learning models.
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