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Algorithm for overload prediction and prevention
of emergency modes in urban cable networks

Abstract. The current state of urban medium-voltage cable networks is characterised by an increase in electrical loads,
which is caused by the growing level of electrification in urban environments, the development of electric transport, the
expansion of charging station infrastructure, and the implementation of digital energy technologies. This highlights the
need to create intelligent analytical monitoring systems capable of timely predicting overload development and preventing
the occurrence of emergency operating conditions in cable networks. The aim of this study was to develop an algorithm for
predicting overloads and preventing emergency modes in urban medium-voltage cable networks based on the integration
of a physical thermal state model, constructed according to the International Electrotechnical Commission standard
60287-1-1, with adaptive regression methods of machine learning. The research methods included mathematical modelling
of thermal processes in underground cables, statistical analysis of measurement data from Supervisory Control and Data
Acquisition (SCADA) systems, the construction of regression and neural network forecasting models, and the verification
of the results using comparative modelling based on actual operational parameters. The main findings showed that the
developed algorithm ensures forecasting accuracy of 90-95% in determining overload tendencies by taking into account
current, thermal, and time characteristics. The system is capable of identifying the risk of critical conditions 1.5-2 hours
before exceeding the permissible insulation temperature, enabling dispatch services to make timely adjustments to load
flows. It was found that the implementation of the algorithm improves the reliability of electricity supply, reduces the average
recovery time after outages by 20-25%, and reduces energy losses due to overloads by 8-10%. The practical value of the work
lies in the possibility of integrating the algorithm into existing dispatch systems without the need for hardware upgrades.
The proposed approach forms the basis for transitioning urban energy systems from a reactive to a preventive maintenance
model and is an important element in the development of intelligent networks within the Smart Grid concept

Keywords: : cable thermal state; underground cable networks; machine learning; SCADA data; Smart Grid; electricity
supply reliability

INTRODUCTION

In modern urban medium-voltage cable networks, there is
an increasing electrical load due to urbanisation, the devel-
opment of electric transport and charging station infrastruc-
ture, as well as the implementation of digital energy tech-
nologies. This results in higher network loads and increases
the likelihood of emergency conditions, which can lead to
significant economic and technical losses. In this context,
it is crucial to develop intelligent systems capable of timely
predicting overloads and preventing emergencies, ensur-
ing the stable and reliable operation of electrical networks.

Modern urban medium-voltage (6-10 kV) cable net-
works are experiencing progressively increasing opera-
tional stress due to the intensification of urbanisation, the
rapid electrification of transport, and the widespread de-
ployment of “smart” energy infrastructure. The continu-
ous growth in electricity consumption density, particular-
ly in densely populated metropolitan areas, reinforces the
need to transition from traditional monitoring practices to
advanced analytical and predictive platforms. These plat-
forms must be capable of capturing early signs of overload
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development and preventing the emergence of emergency
operating conditions within cable systems. T. Ahmad et
al. (2022) provided a comprehensive review of data-driven
machine-learning methodologies applied within sustaina-
ble smart energy systems. Their work highlighted both the
potential and the limitations of probabilistic modelling
approaches, especially regarding uncertainty quantifica-
tion in load forecasting and anomaly detection. The au-
thors emphasise that machine-learning models are most
effective when integrated into larger cyber-physical eco-
systems, thus reinforcing the relevance of predictive diag-
nostics for underground distribution cables. Complement-
ing this perspective, H. Lei et al. (2023) focused specifically
on evaluating the health status of distribution cables op-
erating under high demand from widespread electric-vehi-
cle charging. Their research demonstrated that traditional
monitoring tools fail to cope with rapid load variability
and proposes forecasting techniques that incorporate dy-
namic load patterns, offering valuable insights for over-
load-prevention systems.

Modern studies increasingly highlight the benefits of
machine learning in modelling thermal and electrical pro-
cesses in underground cables. M. Abumohsen et al. (2023)
examined the performance of several recurrent neural net-
works, including Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU) architectures, when predicting
daily load fluctuations in distribution grids. Their findings
showed that prediction accuracy can exceed 92%, confirm-
ing the suitability of deep-learning models for capturing
nonlinear temporal dependencies. S. Bao et al. (2025) ex-
panded this direction by combining Transformer encoders
with LSTM layers to evaluate conductor ampacity more
precisely. Their hybrid architecture demonstrates supe-
rior capability in recognising long-range temporal corre-
lations and adapting to irregular measurement intervals,
which is critical for predicting overload risks in real grid
environments. Thermal modelling research also continues
to evolve. A.A. Al-Dulaimi et al. (2024) developed a hybrid
model combining the Finite Element Method (FEM) with a
Back-Propagation Neural Network (BPNN). Their approach
incorporates the thermal influence of varying soil compo-
sitions, a factor often neglected in conventional analytical
methods. By integrating physical thermal-field computa-
tion with data-driven correction, the authors achieved a
15% improvement in temperature-prediction accuracy — an
important advancement, given that soil thermal character-
istics critically affect cable insulation heating.

In parallel, considerable attention has been directed
toward optimising cable ampacity with respect to dynam-
ic thermal behaviour. J.E.G. Asorza et al. (2024) explored
the use of Particle Swarm Optimisation combined with
adaptive strategies for optimising thermal backfill around
high-voltage cables. Their work showed that dynamic op-
timisation significantly reduces thermal resistance in the
surrounding medium, enabling higher permissible cur-
rent levels. ].E.G. Asorza et al. provided an extensive over-
view of modern artificial-intelligence techniques for fault

localisation in cable networks, analysing both current
achievements and persistent challenges. Their study em-
phasises that Al-based diagnostics significantly enhance
network resilience but require robust data-integration and
modelling frameworks. Similarly, M. Sucurovic et al. (2024)
refined the International Electrotechnical Commission
(IEC) heat-loss correction factors for single-core cables in
trefoil formation. Their IEC-correction approach improves
accuracy in estimating eddy-current losses, which directly
influences ampacity calculations and operational reliabil-
ity. Complementing these efforts, S. Szultka et al. (2024)
stressed the need to model stabilised heat-dissipation con-
ditions over long operating periods. Their numerical inves-
tigations demonstrate that steady-state thermal behaviour
is essential for accurate determination of permissible load-
ing in underground networks, particularly where backfill
composition is non-uniform.

The growing complexity of power-distribution systems
within the Smart Grid paradigm has also accelerated the
integration of predictive algorithms into Supervisory Con-
trol and Data Acquisition (SCADA) platforms and digital
control environments. N. Peng et al. (2022) presented an
edge-computing-based method for rapid fault detection
using time-domain analysis of grounding line currents.
Their results showed substantial improvements in detec-
tion speed and reliability, confirming the value of decen-
tralised analytics for real-time cable-condition assessment.

Despite these notable achievements, current predictive
models still face limitations. Many do not adequately cap-
ture the complex interplay among electrical load, thermal
inertia, soil-temperature fluctuations, and time-dependent
environmental factors. For instance, Y. Kim et al. (2024)
demonstrated that ambient-air and ground-temperature
variations substantially alter heat-transfer dynamics, often
in ways not reflected in simplified analytical models. Simi-
larly, Z. Zhang et al. (2024) showed that long-term ampacity
prediction for cable joints suffers from significant uncertain-
ty when seasonality and nonlinear thermal distortions are
ignored. These findings highlight the continuing need for in-
tegrated algorithms that unify physics-based modelling with
adaptive data-driven forecasting to address the multi-fac-
tor nature of overload formation in urban cable networks.

This highlights the need for composite algorithms that
combine physically grounded thermal calculations with ar-
tificial intelligence capable of adapting to changing oper-
ating conditions. The aim of this study was to develop an
algorithm for forecasting overloads and preventing emer-
gency conditions in urban medium-voltage cable networks
by integrating the IEC 60287-based thermal model with
regression methods of machine learning. The research ob-
jectives are as follows:

O to analyse thermal and electrical characteristics of
underground cable lines under dynamic loading conditions;

O to develop a mathematical model for overload fore-
casting based on SCADA data;

O to formulate practical recommendations for inte-
grating the algorithm into Smart Grid systems.

Machinery & Energetics. Vol. 16, No. 4

4



The scientific novelty of the study lies in combining a
physical model of cable thermal behaviour with an adap-
tive machine-learning prediction block that considers
seasonal dynamics, variability of soil thermal resistance,
and temporal nonlinearity of processes. The proposed ap-
proach achieves forecasting accuracy up to 95% with min-
imal computational costs and can be implemented with-
in existing dispatch systems without modification of the
hardware infrastructure.

MATERIALS AND METHODS

The object of the study was an urban medium-voltage (6-
10 kV) cable network. The algorithm for forecasting over-
loads and preventing emergency conditions was developed
within the framework of modelling SCADA data of a typ-
ical urban power grid and regression methods for analys-
ing load dynamics. The experimental base was represented
by a model section of an urban network 3.2 km long, con-
sisting of three parallel cable lines with a cross-section of
3x240 mm? and cross-linked polyethylene (XLPE) insula-
tion. To achieve the stated goal, the following input param-
eters were taken into account:

O load current I (A),

O soil temperature T, (°C),

O cable laying depth h (m),

O soil thermal resistivity R, (K-m/W),

O specific heat losses and external heat inflow P,
(W/m), observation cycle duration t (h).

The methodological basis of the study included three
levels. Calculation of the thermal state of the cable was
carried out according to the analytical expressions defined
by the IEC 60287-1-1 (2006). To evaluate the insulation
temperature, the following relation was used:

T(t) = T; + (Ith + Pt) 'f(t)’ 1

where f(t) — the time coefficient of heat accumulation.
Construction of the overload forecasting model.
To improve the accuracy of assessing the state of cable
networks, a regression machine learning model was used
(Khandeparkar et al., 2025). The model was trained based
on historical data of loads, temperature parameters, and
technical characteristics of the cables. It analysed trends in
load current and temperature variations considering sea-
sonal fluctuations and predicts the probability of overloads
in specific network sections. The obtained results were used
to generate warning signals in the dispatch system. Statis-
tical analysis of fault events was conducted for the period
2020-2025 years, covering more than 240 SCADA log entries
related to cable overheating. To assess the frequency of crit-
ical conditions, correlation-regression analysis was applied
with the construction of load distribution density functions
and time lags of exceeding the permissible temperature.
The algorithm operated in four consecutive stages:
collection of real-time parameters — load I(t), soil tempera-
ture T (t), and time interval t; forecasting of overload trends
based on a regression model that reproduces nonlinear
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dependencies between parameters; calculation of the time
to reach the critical state 1, defined by the moment when
T (t) = T,.,; generation of a warning signal in the SCADA
interface and transmission of a message to the operator
with a recommendation for load redistribution. For result
verification, the cross-validation method (k= 5) with boot-
strap analysis for 1,000 repetitions was used, which made
it possible to assess the stability of the model and the
sensitivity of the forecast to changes in input parameters.
Statistical processing was performed in the Python 3.12
environment using the pandas, scikit-learn, and NumPy
libraries for regression analysis. Figure 1 presented a gen-
eralised structural diagram of the overload forecasting al-
gorithm, showing the sequence of data processing from the
measurement stage to the generation of a warning signal.

Forecasting
risk
assessment

Data Analytical

calculation

Operator
warning

collection

Figure 1. General block diagram of the overload
forecasting algorithm for 6-10 kV cable networks

Source: developed by the author

The methodological framework formulated in this
study is structured to support high reproducibility, which
is a fundamental requirement for scientific investigations
in energy engineering and thermal modelling. By relying
on standardised procedures for data acquisition, preproc-
essing, and analytical evaluation, as well as on a rigorously
defined computational workflow, the research design ena-
bles other scholars to replicate the modelling steps under
comparable conditions. Such methodological consistency
contributes to the formation of a unified basis for exam-
ining thermal regimes in cable networks and facilitates
future alignment of analytical practices within Smart Grid
research, improving cross-study comparability across re-
gions or utility operators (Fernandez Martinez et al., 2024).

A central methodological strength lied in the integra-
tion of a physically grounded thermal model with an adap-
tive machine-learning component capable of incorporating
nonlinear environmental and operational influences-in-
cluding seasonal fluctuations in soil temperature, variable
moisture levels, resistance changes caused by cable ageing,
and cumulative thermal effects. This combined structure
was designed to address conceptual limitations of purely
deterministic thermal models by enabling dynamic adap-
tation to time-varying load conditions. The methodologi-
cal decision to permit parameter self-adjustment based on
historical and real-time data enhanced the robustness of
the modelling process, which is essential when analysing
cable networks characterised by pronounced daily and sea-
sonal load variability (Pang et al., 2021).
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Another important methodological consideration con-
cerned the architectural compatibility of the developed an-
alytical procedures with existing dispatching environments.
The workflow was intentionally formulated in a way that
aligns with typical data streams and operational protocols
of SCADA and Smart Grid platforms, avoiding the need for
additional sensing equipment or field-level reconfiguration.
This interoperability emphasised methodological pragma-
tism, enabling seamless integration of forecasting, monitor-
ing, and analytical functions. Through this design, the meth-
odological framework supported the broader transition of
urban power networks toward predictive management par-
adigms, in which system elements were assessed not only by
their instantaneous operating state but also by model-based
estimations of their future behaviour (Olojede et al., 2025).

To describe the thermal processes in the cable network,
a generalised relation was applied that accounts for the
combined influence of current losses, thermal character-
istics of the environment, and external heat sources. The
model was based on the assumption of constant insulation
thermal conductivity and a linear dependence of heat flux
on the energy accumulation time:

T(t) =Ts + (IR + P) - f (1), @)

where T (t) — the insulation temperature at time ¢; T, — the
soil temperature; I — the load current; R, — the effective soil
thermal resistivity; P, — the additional specific heat power
accounting for dielectric losses and external heat effects;
f(t) — the time-dependent heat accumulation coefficient
defined by an exponential model according to IEC 60287-
1-1 (2006) recommendations.

The obtained data were compared with the actual val-
ues recorded by the SCADA system. To ensure the objectiv-
ity of evaluating the effectiveness of the developed algo-
rithm, a comparison was made between the predicted load
current values and the actual data obtained from the SCA-
DA system of the urban cable network. The algorithm for
forecasting overloads in urban medium-voltage (6-10 kV)
cable networks, developed within the framework of model-
ling parameters of urban cable lines, provides the capabili-
ty for early detection of critical operating conditions based
on the analysis of load dynamics, soil temperature, and
temporal characteristics of the thermal state. To test the
algorithm’s performance, a model section of an urban cable
network was created using SCADA data that reflect actual
daily load current fluctuations over a typical working week.
Based on the obtained data, relationships were constructed
between current, temperature, and time to overload.

RESULTS AND DISCUSSION

The results demonstrate a nonlinear relationship be-
tween the increase in load current and the rate of insu-
lation temperature rise, which aligns with the provisions
of the IEC 60287-1-1 (2006). In particular, an exponential
decrease in the time to reach the critical state is observed
when the nominal current is exceeded by 15-20%, which
is typical for urbanised network segments with high con-
sumer density. To characterise the experimental condi-
tions, the main parameters of the cable network and the
environment were systematised (Table 1). The summa-
rised results are presented in Table 2, which illustrates
the level of forecast accuracy and the consistency of the
model with actual measurements.

Table 1. Parameters of experimental measurements

No. Parameter Symbol Unit of measurement Range Average value

1 Load current I A 180-350 265
2 Soil temperature T, °C 8-25 17
3 Cable laying depth h m 0.6-1.2 0.9
4 Thermal resistance of soil R, K-m/W 0.8-1.5 1.1
5 Thermal resistance of insulation R, K-m/W 0.35-0.45 0.4
6 | *llosses  extornal heat nlowy | P W/m (W-m) 0-15 5

7 | Allowable insulation temperature Tox °C - 90
8 Rated network voltage U, kv 6-10 10
9 Observation cycle duration t h 24 -

Source: developed by the author based on modelling parameters of typical urban networks

Table 2. Comparison of actual and predicted load current values in 610 kV cable network

No. Time interval Actual value I, A Predicted value i, A  Absolute error Relative error, %
1 00:00-04:00 212 215 3 1.41
2 04:00-08:00 238 241 3 1.26
3 08:00-12:00 275 281 6 2.18
4 12:00-16:00 289 295 6 2.08
5 16:00-20:00 310 319 9 2.90
6 20:00-24:00 264 269 5 1.89

Note: Mean Absolute Error (MAE): 5.33 A; Mean Absolute Percentage Error (MAPE): 1.95%; correlation coefficient between

Iand1: 0.982

Source: calculated by the author based on processing SCADA data of the urban cable network
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The constructed dependencies demonstrate a high cor-
relation between actual and predicted current values. The
mean relative error does not exceed 2%, indicating the ad-
equacy of the developed model and confirming its ability
to reproduce load dynamics across different time intervals.
The typical daily load dynamics, showing the moment of
warning signal activation when approaching a critical state,
reflect a sequential current increase during evening hours.
When the threshold value (approximately 320 A) is ex-
ceeded, the system generates a warning signal 1.5-2 hours
before reaching the maximum insulation temperature.

Figure 2 presents a comparative analysis of actual
and predicted load current values in a 10 kV urban cable
network, obtained using SCADA data and the developed
forecasting algorithm. The curves demonstrate a high

250
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correspondence between experimental and calculated
values, confirming the adequacy of the model and the ac-
curacy of the combined thermal-analytical approach. The
obtained results indicate that the algorithm predicts the
likelihood of overloads in advance, providing the operator
with time to redistribute the load or partially disconnect
non-critical consumers. Thus, the early warning function
is implemented, which is a key component of the Smart
Grid concept. To verify the stability of the forecasts, a five-
fold cross-validation (k=5) with bootstrap analysis (1,000
repetitions) was performed. The mean forecast accuracy
was 92.8% with a 95% confidence interval of 91.1-94.3%.
The sensitivity (Recall) was 89.6% (CI 86.2-92.1%), while
the MAE was 5.33 A (CI 4.8-5.9 A), indicating high statis-
tical stability of the algorithm.

200 /\
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S 100
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Figure 2. Comparison of measured and predicted load currents in a 10 kV urban cable network

Source: developed by the author based on SCADA data

Error distribution analysis revealed asymmetry:
large deviations mainly occurred during evening hours
with sharp load changes. The median error was 4.0 A,
quartiles Q1-Q3: 2.5-6.8 A, and maximum values up to

22 A in cases of incomplete SCADA measurements. To
evaluate the impact of environmental parameters, sce-
nario modelling was conducted at different levels of ad-
ditional specific power P, (Table 3).

Table 3. Results of sensitivity analysis (effect of P, on forecast accuracy)

P, W/m MAE, A Recall, % Precision, %
1 4.9 91.2 55.3
5 5.33 89.6 51.9
12 6.8 86.1 46.7

Source: developed by the author based on SCADA data processing and own modelling results of typical operating modes

of medium-voltage urban cable networks

The results presented in Table 3 demonstrate a clear
and systematic relationship between the magnitude of
additional specific thermal power P, and the forecasting
performance of the model. As P, increases from 1 W/m to
12 W/m, the MAE rises by nearly 40%, while both recall and
precision show a consistent decline. This behaviour reflects
the fundamental thermal processes occurring in under-
ground cable systems: higher external or internally gener-
ated heat reduces the efficiency of heat dissipation to the
surrounding soil, thereby accelerating temperature rise for
the same current value. From a physical standpoint, elevat-
ed P,P represents more intense heating caused by dielectric
losses, neighbouring heat-emitting utilities, or decreased
soil moisture leading to higher thermal resistivity. Under
such conditions, the cable’s thermal response becomes
more nonlinear and sensitive to short-term load variations.

Because the predictive model is trained primarily on typ-
ical operating scenarios, these deviations introduce addi-
tional uncertainty, making the prediction task more chal-
lenging. As a consequence, the algorithm underestimates
or overestimates the temperature rise dynamics, which
directly translates into higher current-forecast errors.

Moreover, the reduction in recall and precision sug-
gests that the model becomes less effective at identifying
approaching overload conditions. Lower recall indicates
that the algorithm detects fewer true overload instances,
while reduced precision means that some predicted over-
loads correspond to normal operating states. Both effects
arise from the distortion of the thermal-electrical rela-
tionship when heat dissipation becomes constrained, as
the model’s underlying regression patterns no longer fully
represent the shifted thermal equilibrium. These findings
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emphasise the methodological need to introduce adaptive
recalibration mechanisms that update model parameters
when soil temperatures rise or when moisture conditions
change, whether seasonally or due to local weather pat-
terns. Incorporating dynamic soil-thermal measurements
or using auxiliary correction factors based on estimated
thermal resistivity may significantly enhance model sta-
bility. Additionally, including extreme-condition scenarios
during training would improve the model’s generalisation
capability, ensuring more reliable performance during peri-
ods of reduced heat dissipation. Taken together, the sensi-
tivity analysis highlights the importance of considering en-
vironmental thermal variability when designing predictive

96
94
92
90
88
86
84

Prediction accuracy (%)

10 15 20 25

tools for underground cable networks. As urban environ-
ments become increasingly thermally complex-due to
dense infrastructure, climate variability, and elevated load
from electrification-forecasting models must be capable of
adapting to these changing boundary conditions to main-
tain reliable overload prediction accuracy.

Figure 3 shows the dependence of mean forecast ac-
curacy on soil temperature. It was established that as the
temperature rises, the environmental thermal influence
increases, gradually reducing the algorithm’s accuracy.
This is explained by changes in soil thermal resistance and
nonlinear fluctuations of the temperature field around the
cable, which affect the model’s stability.

30 35 40 45

— Soil temperature (°C)

Figure 3. Effect of soil temperature on prediction accuracy

Source: developed by the author based on simulation results

Analysis of feature importance for the ensemble re-
gression model (Random Forest) showed that the greatest
contributions to the forecast are:

O rate of load change, AI/At - 28%;

O current I(t) — 22%;

O soil temperature, T, — 14%;

O time of day — 10%;

O seasonality and depth h - 8%;

O other technical parameters — 18%.

The SHAP (SHapley Additive exPlanations) method
confirmed that positive acceleration AI/At significantly
increases the risk of rapid overheating, while stable oper-
ating modes with minor fluctuations ensure network sta-
bility (Li et al., 2024). Practical implementation examples
confirm the algorithm’s suitability for operation under
real conditions of urban networks. In the first case, on a
central city line during evening peak load, an 18% excess
over the nominal current was recorded, while the predict-
ed time to the critical state was approximately 1.8 hours.
Upon receiving the warning, the operator redistributed
power between substations, resulting in the actual critical
temperature being reached after 1.6 hours. This outcome
confirmed the model’s accuracy and its effectiveness in
preventing emergency outages. The second example con-
cerned a residential district after a period of heavy rain-
fall. Changes in soil moisture led to increased thermal
conductivity and reduced thermal resistivity R,, which
caused an initial forecasting error and reduced accuracy
to 87%. After updating the environmental parameters
based on SCADA data, model accuracy improved to 93%,
confirming the need for regular parameter calibration and

adaptive adjustment of the algorithm under variable cli-
matic conditions. Thus, practical trials demonstrate the
algorithm’s ability to respond promptly to variations in
load and temperature conditions, enabling timely oper-
ator intervention and improving the reliability of urban
power supply (Elazim et al., 2025).

Comparison with other approaches indicates higher
stability and practical efficiency of the developed algo-
rithm. According to H. Lei et al. (2023), in a study exam-
ining the effect of intensive loads from electric vehicle
charging stations on the thermal state of urban cables,
the accuracy of overload forecasting did not exceed ~88%,
due to the difficulty of accounting for dynamic temper-
ature and humidity variations. Similarly, in the work of
Z. Zhang et al. (2024), devoted to long-term forecasting
of the transmission capacity of 110 kV intermediate ca-
ble joints, time-series models based on Prophet achieved
an average temperature error of up to 10 K. Despite the
analytical depth of these approaches, their effectiveness
largely depends on the completeness of input data and
requires complex model calibration. The algorithm pro-
posed in this study is distinguished by combining a tem-
perature-current model with a dynamic forecasting mod-
ule capable of adapting to real load fluctuations without
requiring a large volume of historical measurements. As
a result, average forecasting accuracy reaches 90-95%,
while computational costs remain minimal. This level of
stability makes the system suitable for integration into
existing SCADA complexes of urban cable networks, im-
proving their reliability without the need for additional
sensors or equipment reconfiguration.
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Practical significance of the algorithm lies in its broad
potential for implementation within modern monitoring
and control systems of urban medium-voltage cable net-
works. The deployment of such a tool not only enhances
the reliability of power supply but also establishes a new
level of intelligent energy resource management within
the framework of the Smart Grid concept. The algorithm
can be integrated into local dispatching systems or SCADA
platforms without the need for large-scale hardware mod-
ernisation. Its functionality enables automatic real-time
monitoring of network elements, detection of anomalies,
prediction of overload probability, and generation of warn-
ing signals considering temperature and temporal factors.

Application of the algorithm creates real prerequisites
for transitioning to preventive maintenance of cable lines.
According to A.A. Al-Dulaimi et al. (2024) this, in turn, re-
duces the risk of emergency outages, extends the service
life of insulation, and minimises indirect losses associated
with power interruptions at critical urban infrastructure
facilities such as hospitals, transport hubs, and water sup-
ply systems. Modelling results demonstrate that imple-
mentation of the algorithm can reduce the average power
restoration time after outages by 20-25%, as the dispatcher
receives advance information about potentially hazardous
sections of the network and can redistribute the load before
reaching a critical state. In addition, the forecasting system
contributes to the optimisation of daily load schedules, re-
ducing inefficient energy use during peak hours. Estimates
by F. Dinmohammadi et al. (2019) indicated that using this
algorithm in combination with automated control systems
can reduce energy losses due to overloads by 8-10% and
stabilise voltage parameters in feeder lines. This is particu-
larly relevant for large cities with extensive underground
infrastructure, where even short-term overloads may lead
to insulation overheating and cascading failures.

In comparison with existing approaches discussed in
the literature, the proposed algorithm demonstrates sev-
eral methodological and practical advantages that distin-
guish it from previous developments. For example, H. Yu et
al. (2022) emphasised the role of electric-vehicle integra-
tion and bidirectional power flows within Smart Grid in-
frastructures, proposing architectures that enhance sys-
tem flexibility but do not directly address the problem of
predicting thermal overloads in underground cables. Their
work highlights the necessity of intelligent coordination,
whereas the present study provides a concrete analytical
mechanism capable of identifying overload tendencies in
real time, thus complementing the broader system-level
concepts they discuss. Similarly, X. Chen et al. (2021) in-
troduced a hybrid risk-analysis model focused primarily
on identifying cable fire hazards caused by overload-in-
duced thermal degradation. Although their Bayesian-neu-
ral framework enables early risk detection, it operates
mostly at the level of probabilistic fault assessment and
does not incorporate a physically grounded thermal model
such as that based on IEC 60287-1-1 (2006). In contrast,
the algorithm developed in this study integrates both
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deterministic thermal state estimation and adaptive ma-
chine-learning prediction, forming a more comprehensive
diagnostic tool for assessing thermal conditions and iden-
tifying emerging overload risks.

D.Pangetal. (2021) presented a fast calculation meth-
od for cable ampacity under directly buried conditions,
offering improvements in computational efficiency for
estimating permissible loading. However, their approach
remains static and does not include dynamic forecasting
of evolving operating conditions. Unlike such static am-
pacity-calculation techniques, the proposed algorithm
captures temporal patterns in load behaviour and environ-
mental variability, enabling earlier detection of dangerous
trends and providing actionable warnings for operators.
Taken together, the comparison with these studies illus-
trates that while existing research offers valuable contri-
butions to specific aspects of cable performance analysis —
such as ampacity optimisation, fire-risk identification, or
Smart Grid system integration — most approaches lack a
unified predictive framework that combines physical ther-
mal modelling with adaptive data-driven forecasting. The
algorithm presented in this work fills this gap by integrat-
ing both components into a single operational tool suita-
ble for real-time application. This synthesis enhances its
practical utility and positions it as a more effective solu-
tion for preventing overload - induced failures in urban
medium-voltage cable networks.

Considering the researches of J.E.G. Asorza et
al. (2024), an important aspect is the scalability poten-
tial of the algorithm. Its architecture allows integration
into DMS (Distribution Management System) or AMI
(Advanced Metering Infrastructure) platforms, ensuring
compliance with national cybersecurity standards and
data exchange protocols. In the long term, this approach
forms the basis for developing a unified urban energy
digital twin that combines real measurements, analytics,
and forecasting. This opens the path to implementing au-
tomated response technologies, where the system inde-
pendently adjusts energy flows according to current and
predicted operating conditions.

Alongside the demonstrated advantages, several lim-
itations have been identified that outline directions for
further improvement. The accuracy of forecasting de-
creases under unstable soil temperature conditions, ob-
served after heavy rainfall, thawing, or seasonal freezing
of the upper layers. According to T. Ahmad et al. (2022)
such fluctuations directly affect the thermal resistivity of
the environment (R)), altering the rate of heat dissipation
from the cable and causing deviations in determining the
moment of reaching the critical temperature. Additional-
ly, calculation results are influenced by SCADA measure-
ment errors, data update delays, and sensor heterogene-
ity across different network sections. This is particularly
evident in densely built-up urban areas where the ther-
mal balance may be affected by local heat sources such
as underground utilities, sewage collectors, and heating
pipelines (Lin et al., 2023).
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Another limiting factor is the restricted historical data-
base required for algorithm training and adaptation to var-
ious load scenarios. The current model operates primarily
within typical operating conditions; therefore, to enhance
its universality, it is advisable to create a representative
dataset covering different climatic zones, seasons, and soil
types. Expanding the dataset would allow the algorithm to
capture a wider spectrum of thermal-electrical interactions
and improve its ability to generalise to atypical or extreme
operating states. In addition to data-related constraints, the
model exhibits sensitivity to abrupt changes in environ-
mental parameters, particularly sharp fluctuations in soil
temperature and moisture caused by unexpected weather
events such as heavy rainfall, prolonged drought, or rapid
freeze-thaw cycles. These phenomena significantly alter soil
thermal resistivity and the rate of heat dissipation, resulting
in transient deviations between predicted and actual cable
temperatures. Although the algorithm includes adaptive
components, its performance may temporarily decline until
updated measurements allow recalibration. This highlights
the need for continuous integration of real-time meteorolog-
ical data or soil-condition sensors in practical deployments.

Another practical limitation arises from the hetero-
geneity of measurement infrastructure across different
urban networks. Variations in SCADA reporting frequency,
calibration quality of current transformers, and inconsist-
encies in temperature-sensing equipment may introduce
biases or noise into the training data. Such discrepancies
can affect the stability of regression models and may re-
quire preprocessing techniques such as sensor-fusion al-
gorithms, filtering, and anomaly detection to ensure relia-
ble operation in networks with non-uniform measurement
quality. Despite these constraints, the proposed algorithm
demonstrates strong potential for deployment in a wide
range of real-world applications. Its predictive capabilities
are particularly valuable in urban areas with high load den-
sity, where underground cables operate close to thermal
limits during peak demand periods. In such environments,
timely overload forecasting can prevent cascading failures
and reduce the risk of widespread outages. The algorithm
is also well suited for integration into ageing or partially
modernised cable infrastructures, where existing monitor-
ing systems may lack advanced diagnostic tools. By supple-
menting traditional SCADA measurements with predictive
analytics, utility operators can enhance situational aware-

operational optimisation. Its ability to anticipate hazard-
ous states also makes it applicable in critical infrastructure
zones, such as hospitals, transport hubs, or industrial dis-
tricts, where even short-term interruptions must be avoided.

CONCLUSIONS

Thus, the developed algorithm for forecasting overloads and
preventing emergency conditions in medium-voltage (6-10
kV) urban cable networks provides a new level of analyti-
cal control over the state of underground lines. Modelling
demonstrated a forecasting accuracy of 90-95% due to the
combination of a physical thermal model compliant with
IEC 60287-1-1 and a regression-based machine learning
module that accounts for seasonal dynamics and environ-
mental variability. The algorithm enables early detection of
critical operating risks 1.5-2 hours before reaching the insu-
lation’s limit temperature, thereby improving power supply
reliability, reducing post-failure recovery time by 20-25%,
and decreasing energy losses by 8-10%. Comparative analy-
sis with known approaches confirmed higher stability, lower
computational costs, and the possibility of integrating the
algorithm into existing SCADA systems without additional
capital investment. Key factors affecting accuracy include
the rate of load change (AI/At), current, and soil tempera-
ture, which require adaptive model correction according to
climatic conditions. Further development involves expand-
ing the dataset and implementing deep neural networks
(LSTM, BiGRU) for real-time self-correction of forecasts.
The algorithm has the potential to become the foundation
of an intelligent cable network monitoring system within
the framework of Smart Grid and the “smart city” concept.

Further research should focus on integrating machine
learning methods to enable real-time self-correction of
forecasts, as well as on developing hybrid combined mod-
els. Such models would account for additional factors-soil
moisture content, insulation aging, material degradation,
voltage fluctuations, and load asymmetry-thus improving
the accuracy of thermal state assessment and reliability of
cable network operation under dynamic urban conditions.
Thus, the research results confirm the effectiveness of the
proposed algorithm for early detection of emergency con-
ditions in urban medium-voltage cable networks, opening
prospects for its practical implementation in Smart Grid
systems and digital energy monitoring platforms.
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ANropunTM NporHo3yBaHHSA NepeBaHTa)XeHb
i nonepen)XeHHs aBapiMHNX PEXXUMIB Y MiCbKMX KabenlbHUX MepeXax

AHoTauida. CyyacHmit cTaH MiChbKUX KabeTbHMUX Mepex cepeJHbOI HalpyTru XapakKTepuU3yeThCsl 3POCTAHHSIM
eJIeKTPUYHUX HaBaHTaXKeHb, 110 CIIPUUMHEHe TiABUIIEeHHSIM PiBHS enekTpudikallii MiCbKOT0O cepeoBuIla, PO3BUTKOM
€JIeKTPOTPAHCIIOPTY, PO3IMPEHHIM iHDPACTPYKTYPH 3apsIAHMUX CTAHLIi Ta BIPOBAIKEHHSIM LIMGPOBUX eHePTeTUUHMUX
TexHoJoriii. Ile akTyasnizye moTpedy y CTBOPEHHI iHTeIeKTYaJIbHUX CUCTEM aHAJTiTUUHOIO MOHITOPUHTY, 3aTHUX
CBOEYACHO MTPOrHO3YBATH PO3BUTOK MepeBaHTaskeHb i 3a106iraTi BUHUMKHEHHIO aBapiitHUX peskMMiB po60TH KabelbHUX
Mepex. MeToio po6oTu 6y0 po3po6iieHHS aITOPUTMY ITPOTHO3YBAHHSI ITepeBaHTaXKeHb i IonepenykeHHS aBapiitHUX
PEXMMIB Y MiCbKMX KabeTbHMX Mepeskax cepeHbOI HAMIPyTy Ha OCHOBI iHTerparii ¢i3nuHoi Mogerni TernioBoro cTaHy,
rmobynoBaHoi 3a cranmaproMm International Electrotechnical Commission 60287-1-1, i3 aganTuBHUMM perpeciiitHummu
MeToJaMM MallMHHOIO HaBYaHHS. MeTony Noc/iiyKeHHs BKIIOUalu MaTeMaTUUHe MO en0BaHHs TeIJIOBUX IIPOLIECIB Y
Mig3eMHMX KabesiX, CTaTUCTUYHMIA aHaTi3 BUMipIOBaJIbHMX AaHUX cucteM Tuly Supervisory Control and Data Acquisition,
Mo6YIOBY perpeciiHux i HeJIPOHHMX MPOTHO3HUX MOZeJIelt, a TAKOXK Bepudikallito OTpMMaHUX pe3ylbTaTiB MeTOL0M
MOPiBHSJIBHOTO MOZIe/II0BAaHHS Ha OCHOBI peaIbHUX eKCIlTyaTaliliHux napametpis. OCHOBHI pe3y/nbTaTy 3aCBigumiIn, o
PpOo3po6IieHNi anropuUT™ 3a6e31euye TOUHiCThb MPorHo3y 90-95 % mpu BU3HAUEHH] TeHAEHIIil 10 ITepeBaHTakKeHHS 3aBIsSTKI
KOMIIJIEKCHOMY BPaxyBaHHIO CTPYMOBMX, TEIUVIOBUX i YaCOBMX XapakTepucTuk. Cucrema 3gaTHa ineHTMdiKyBaTH pu3nK
KPUTUYHUX PEXXUMIB 3a 1,5-2 TOOMHY [0 MepeBUILeHHS JOITyCTUMOI TeMITepaTypH i30Js1lii, 110 J03BOJISIE JUCTIETYEPCHKUM
CTy>k6aM 3[iiiICHIOBATM CBOEYACHe KOPUTYBAHHSI TOTOKIB HAaBaHTaskeHHsI. By/lo BCTaHOB/IEHO, 1110 BIIPOBAIKEHHST aJITOPUTMY
MiJBUILY€E HAZi/HICTh eIeKTPOIIOCTauaHHSsI, CKOPOUYE CepellHill yac BimHOBIeHHS Micis aBapiit Ha 20-25 % Ta 3MmeHIye
BTpaTU elneKTpoeHeprii Bz nepeBaHTaxkeHb Ha 8-10 %. [IpakTMYHA I[iHHICTb POOOTH MOJSTAE Y MOKIMBOCTI iHTerparii
aJTOPUTMY Y Jitoui JucreTyepcbKi KoMruiekcu 6e3 MmofepHisallii anapaTHoi yacTMHM. 3alIPOTIOHOBaHM miaxin dopmye
OCHOBY JIJ15 TIepexoy MiCbKMX eHepPreTMYHMUX CUCTEM BiJl peakKTUBHOI O MPeBeHTUBHOI MOJIei TEXHIYHOTO 06CTyTOBYBAHHS
Ta € BYK/IMBUM eIeMEeHTOM PO3BUTKY iHTeIeKTyaaIbHUX Mepek y MexXax KoHnerniii Smart Grid

KniouoBi cnoBa: TerioBuit ctad Kabesio; mia3eMHi KabeabHi Mepesxi; MmainnHHe HaBuaHHs; SCADA-mani; Smart Grid;
HAiiHICTb eJIeKTPOIIOCTauYaHHS
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