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Abstract

Transmission line monitoring is undergoing a significant transformation driven by the
increasing demand for enhanced grid utilization, Dynamic Line Rating (DLR), and cost-
effective monitoring solutions. However, the large-scale deployment of physical monitoring
devices remains constrained by installation and maintenance time and costs. This paper
presents the development and validation of an artificial neural network (ANN)-based Digi-
tal Twin (DT) framework for conductor temperature monitoring through virtual sensing.
The investigated approach is part of a multi-layer Digital Twin architecture that integrates
data preparation, virtual sensing, and DLR applications into a unified monitoring concept.
The research was conducted within the Horizon Europe TwinEU project using datasets
collected from three power system operators operating overhead lines at voltage levels
between 132 kV and 400 kV. The developed ANN models applied weather observations
and SCADA-derived loading data as inputs, while conductor temperature measurements
obtained from physical sensors served as training and validation targets. To enhance
robustness and generalization, different data-splitting methodologies, normalization tech-
niques, and site-specific hyperparameter optimization strategies were investigated using
a Bayesian optimization framework. The results demonstrate that ANN-based virtual
sensors can reproduce conductor temperature measurements with high accuracy, achieving
RMSE values of 0.791-1.087 °C, when sufficient high-quality training data are available.
The study also highlights the importance of local weather measurements and seasonally
representative datasets for reliable model performance. The findings confirm that DT
technologies can partially substitute physical monitoring assets without significant loss of
accuracy, reducing monitoring complexity and operational costs. The proposed approach
offers a practical pathway toward scalable transmission line monitoring and provides a
foundation for future applications in DLR, ampacity calculation, market-oriented grid
operation, and asset management.

Keywords: power lines; digital twin; artificial neural network; virtual sensor; dynamic line
rating; high voltage grid

1. Introduction

Electric power systems are operated by system operators (SOs) under increasingly
demanding conditions [1]. While reliability and continuity of supply remain the primary
operational objectives, a significant proportion of existing network assets, particularly
overhead line infrastructure, has been in service for several decades. Overhead lines
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constitute the most extensive component of the transmission and distribution network,
yet their operation is still largely based on conservative engineering principles and static
operating limits [2]. At the same time, emerging developments, including the rapid
deployment of renewable energy sources (RESs), the expansion of artificial intelligence
(AI) data centers, and the increasing penetration of electric vehicle (EV) fast-charging
infrastructure, are creating unprecedented requirements for network flexibility [3-5]. These
trends result in highly dynamic power-flow patterns, with demand ramps ranging from
several hundred kilowatts to tens of megawatts within seconds to minutes, requiring more
adaptive operational constraints than traditional approaches can provide.

The thermal capability of overhead lines has historically been determined using static
line rating (SLR) methodologies based on conservative steady-state assumptions [6]. Al-
though this approach ensures a high level of operational security, it often underutilizes
the conductors’ available transmission capacity [7]. Simultaneously, under adverse en-
vironmental conditions, particularly during hot summer periods, actual thermal limits
may be exceeded, leading to excessive conductor sag and potential clearance violations [8].
Consequently, conventional thermal rating methods not only leave significant transmission
capacity reserves untapped but may also fail to accurately represent real operating risks.
These limitations have stimulated growing interest in dynamic line rating (DLR) technolo-
gies that continuously assess the thermal state of conductors and provide more realistic
estimates of permissible power transfer capacity [9].

In recent years, line monitoring systems have become increasingly widespread among
system operators [10,11]. However, the successful deployment of such systems requires
comprehensive technical, economic, and regulatory preparation [8]. The implementation
process typically begins with a network-wide assessment to identify bottleneck lines where
additional transmission capacity can generate the greatest operational value [11]. This is
followed by detailed critical span analyses to determine the representative spans that must
be instrumented to ensure reliable monitoring of conductor temperature, sag, and clearance.
Once the required number of monitoring locations has been established, the procurement
and integration of hardware and software components can proceed. Beyond physical
monitoring devices, digital twin technologies are emerging as cost-effective alternatives that
complement or partially replace conventional sensor-based solutions [12]. The performance
of these systems depends not only on the quality of field measurements but also on the
accuracy of algorithms used for ampacity and clearance calculations, particularly when
forecasting future transmission capacity.

Although DLR technologies have demonstrated substantial technical potential, their
adoption among system operators has remained largely limited to pilot and demonstra-
tion projects. To accelerate large-scale deployment, the European Union-funded TwinEU
project has developed a digital twin-based DLR solution that offers both economic and
technical advantages [13]. The present study focuses on evaluating a neural network-based
virtual sensing methodology developed within the project, examining the performance
metrics required to assess its accuracy and suitability for operational applications. In
contrast to existing approaches that primarily investigate virtual sensing for individual
lines or sites, the proposed methodology is applied consistently across datasets from three
different system operators, with site-specific models developed and optimized using the
same methodological framework. The scientific contribution of this research lies in the
systematic investigation of data-splitting methodologies, normalization techniques, and
site-specific hyperparameter optimization for ANN-based conductor temperature virtual
sensing, providing insight into the factors affecting model accuracy and generalization.

The remainder of the manuscript is organized as follows: Section 2 describes the
identified gap in the field of line monitoring systems, Section 3 presents the concept of
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digital twins, Section 4 presents the developed ANN-based virtual sensing methodology,
Section 5 presents the obtained results, and Section 6 discusses the main findings of the
study. The methodological development, analysis, validation, and interpretation presented
in these sections reflect the collaborative contributions of the authors, as detailed in the
Author Contributions statement.

2. The Identified Gap—Limitations in Line Monitoring Systems

Despite the increasing maturity of DLR technologies, several challenges continue to
hinder widespread implementation [8]. One of the most significant technical issues is deter-
mining the optimal number and placement of monitoring devices when field and technical
data are lacking. Reliable operation requires identifying thermally critical spans [14,15];
however, local environmental factors, including terrain characteristics and microclimatic
conditions, often create hot spots that conventional planning approaches cannot accurately
predict. Furthermore, clearance assessment must consider not only conductor-to-ground
distances but also clearances to vegetation, structures, and other objects located beneath or
adjacent to the line [16,17]. As a result, system operators often face uncertainty regarding
the representativeness of measurements obtained from a limited number of sensor locations.
This challenge is compounded by the need to balance monitoring coverage with project cost,
since installing physical sensors on every tension section (Figure 1) may render projects
economically unattractive.

Figure 1. Installation of dynamic line rating equipment in the Hungarian distribution and transmis-
sion system: (a) line monitoring sensor, (b) weather station, (c) weather station.

Virtual sensing technologies have emerged as promising alternatives that can reduce
monitoring costs [17,18]. However, purely model-based approaches are highly sensitive
to uncertainties in weather inputs and conductor characteristics, including aging effects,
thereby significantly influencing prediction accuracy. Practical experience from large-scale
research and demonstration projects has revealed notable discrepancies between calculated
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and measured conductor temperatures [19]. These differences often originate from inaccu-
racies in meteorological data and limitations of conventional thermal models, including the
IEEE and CIGRE standards [6,20]. Since conductor temperature directly determines ampac-
ity calculations, such inaccuracies can significantly affect the reliability of DLR systems. In
addition, accurate ampacity assessment requires consideration of conductor thermal inertia,
introducing further complexity into operational decision-making and dispatching practices.
The deployment of DLR platforms also raises broader organizational challenges related to
interoperability and coordination between transmission and distribution system operators,
particularly within harmonized regional and national network management frameworks.

Beyond technical considerations, economic factors represent perhaps the most sig-
nificant obstacle to large-scale DLR implementation [16]. System operators must balance
investment costs, operational expenditures, monitoring reliability, and long-term scalability
when selecting an appropriate monitoring strategy [21]. Conventional conductor-mounted
sensors remain the most widely adopted solution due to their proven reliability and ex-
tensive operational experience. Nevertheless, large-scale deployment across extensive
overhead line networks requires substantial capital investment and ongoing maintenance.
Furthermore, continuing developments in communication technologies and cybersecu-
rity requirements may increase lifecycle costs through recurring hardware upgrades and
software modifications.

To address these limitations, several alternative sensing concepts and business models
have recently emerged [22]. Simplified physical sensors that measure a limited set of criti-
cal parameters offer lower installation costs, easier maintenance, and compatibility with
live-line maintenance techniques. These characteristics make them particularly attractive
for distributed monitoring architectures requiring broad network coverage. Service-based
business models, including sensor rental schemes, further reduce initial investment costs
by replacing capital expenditure with annual service fees. Such approaches facilitate tech-
nology evaluation and enable faster adaptation to evolving technological standards [22].
However, their adoption remains constrained in many regions because regulatory frame-
works and funding mechanisms continue to favor conventional capital investment projects.

Among the available alternatives, virtual sensing technologies offer the greatest poten-
tial for scalability and cost reduction. Weather-based virtual sensors can estimate conductor
temperatures without extensive field instrumentation; however, their performance remains
highly dependent on the quality of meteorological data. A more promising approach
involves sensor-based virtual sensing, in which machine learning models are trained on
locally measured weather parameters and limited physical measurements to replace the
most expensive components of DLR systems, namely, conductor-mounted monitoring
devices. These solutions deliver significant economic benefits by reducing capital expendi-
ture, improving scalability, and lowering maintenance requirements. Nevertheless, their
practical value ultimately depends on achieving sufficient accuracy and reliability under
varying operating conditions.

3. Digital Twins—The Concept for Line Monitoring

The future deployment of DLR systems is likely to rely on optimized combinations
of physical and virtual sensing technologies. Such hybrid approaches can balance cost
efficiency with the monitoring reliability required for critical power line infrastructure. This
raised the idea of applying digital twins to line-monitoring concepts to build such a hybrid
system. A digital twin is a virtual representation of a physical asset, process, or system
that continuously integrates real-world data to support monitoring, analysis, prediction,
and decision-making throughout its lifecycle [23,24]. In the context of overhead power line
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monitoring, the digital twin concept developed in this work aims to provide comprehensive
support for the deployment, operation, and optimization of line monitoring systems.

The first level of the framework focuses on the preparatory phase, where the digital
twin assists in determining optimal sensor locations, estimating the number of monitoring
devices required, and supporting the design of an efficient measurement infrastructure.
This enables utilities to establish cost-effective monitoring schemes while maintaining
sufficient coverage of critical network assets [17].

The second level of the concept addresses the development of virtual sensors capable
of estimating the thermal state of conductors. Unlike conventional approaches that rely pri-
marily on meteorological data, the proposed virtual sensors integrate weather information
with real conductor temperature measurement data and artificial intelligence techniques
(Figure 2) [8]. By combining heterogeneous data sources, the model can provide more accu-
rate and robust estimations of conductor temperature and related operational parameters.
In this sense, the thermal model itself can be interpreted as a digital twin embedded within
the broader digital twin architecture, creating a hierarchical “digital twin within a digital
twin” concept.

Preliminary steps Physical system

Power line selection —
Configure the
hardware parts
Configure the -——
software parts . -, ~
Digital Twin N "
. N~ Train an

/ ANN Weather \

Weather
station

Database

[—=]
===]

" Physical
Sensor

station

1 = model e \

0-0
l b ; - results
\ s _.---" Digital ; \
N DLR z--"" Twins ;| Y\
~ ” \ ! . /
~ -

- --—

ie N

’ \
] 4
V- Tconductor

\- Ampacity )

-_

Figure 2. Schematic structure of the power line monitoring DT applied in the project.

The third level focuses on the practical utilization of digital twin outputs in trans-
mission system operation and planning. The estimated thermal state of conductors is
transformed into actionable operational indicators, including dynamic line rating calcu-
lations and conductor sag estimations. These outputs can support both real-time control
room decision-making and day-ahead operational planning, enabling more efficient uti-
lization of existing grid infrastructure while maintaining system security. The concept
has evolved through continuous research and development, building on previous studies
and pilot projects in which the necessary hardware and IT infrastructure were successfully
implemented [16].

This paper focuses on the virtual sensor concept and its validation across various phys-
ical assets and utility IT environments. The objective is to develop a fine-tuned, optimized
algorithm that operates reliably across diverse deployment conditions. Achieving this goal
requires extensive data collection, model evaluation, and the development of a high-level
interoperability framework. Through standardized data exchange, open interfaces, and
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secure sharing of data and models, the TwinEU Horizon project provides the foundation
for large-scale Al-enabled simulations and coordinated operational decision-making across
multiple stakeholders in the European energy sector [13].

4. Models and Methods

The concept of applying digital twins to conductor temperature monitoring relies on
using physical sensor measurements to develop a model-based solution [8]. After installing
physical monitoring devices, a digital twin model is created from data collected by these
sensors. For this purpose, an artificial neural network (ANN) model is employed as a
virtual sensor (Figure 3). To develop and train the ANN model, three types of input data
are required. Since conductor temperature primarily depends on environmental conditions
and line loading, these parameters constitute the model’s main inputs [8]. Weather data are
collected locally from weather stations installed directly on transmission towers (if such a
dataset is not available, the weather agency dataset is used), while line loading values are
provided by the SCADA system. In the proposed method, time-lagged features were not
included as input parameters.

4 neurons

32 neurons
32 neurons 1

Figure 3. An Artificial Neural Network structure applied as a virtual sensor.

In addition, measured conductor temperature data are required for training purposes.
The ANN, which operates using a learning process analogous to that of the human brain,
learns the relationships among these input parameters from the training dataset [25,26].
In general, a minimum training period of 6 to 12 months is required to achieve accurate
model performance; however, a more detailed analysis of this requirement is presented in
the following sections.

4.1. Prior Work for Virtual Sensors

The research presented in this paper builds upon a series of investigations conducted
within the FLEXITRANSTORE, FARCROSS, and TwinEU projects. Early studies focused
on the feasibility of applying artificial neural networks (ANNSs) to estimate conductor
thermal conditions and support Dynamic Line Rating (DLR) applications. This work was
further extended within the FARCROSS project [19], where ANN-based virtual sensors
were investigated on multiple transmission lines and under different operating conditions.
Several monitoring technologies based on different measurement principles were evaluated
as potential data sources for ANN training. The results showed that directly measured
conductor temperature provides a more reliable training dataset than temperature values
indirectly derived from conductor sag measurements [8]. The earlier studies also identi-
fied the relevant meteorological input parameters and demonstrated the importance of
incorporating line-loading data obtained from the SCADA system. These investigations
confirmed that ANN-based virtual sensors can reproduce conductor-temperature measure-
ments with promising accuracy and can be applied across different monitoring technologies
and transmission lines.
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However, several questions remain open. First, the available datasets were affected by
seasonal variability and did not provide continuous one-year training data at all investi-
gated locations. Since conductor thermal behavior is strongly influenced by annual weather
cycles, the effect of training-data duration and seasonal coverage on model robustness could
not be fully evaluated. Second, the previously implemented models relied on a general-
purpose ANN architecture that provided satisfactory performance across different sites but
was not systematically optimized for individual monitoring locations [8]. Consequently,
the potential benefit of site-specific hyperparameter optimization remains unexplored.

The present work addresses these limitations using substantially longer-term moni-
toring datasets and a systematic ANN optimization procedure. Models trained with six-
and twelve-month datasets are compared, with particular attention given to their perfor-
mance outside the training period. In addition, the study investigates the influence of
local weather-data availability and quality, as well as the performance of optimized models
for transmission lines with different characteristics and voltage levels. Accordingly, the
novelty of this work is not the introduction of the ANN-based virtual sensor concept itself,
but its systematic assessment under different data-availability and operating conditions.
By combining longer-term datasets, site-specific ANN optimization, and an assessment
of the influence of local meteorological data, the study provides a more comprehensive
evaluation of the factors determining virtual-sensor performance. These results support
the further development of ANN-based virtual sensors as digital-twin components for
overhead-line monitoring and DLR applications.

4.2. Data Available for DT Development

The development and validation of the proposed ANN-based digital twin solution
were supported by datasets collected from three overhead transmission lines operated by
three different system operators within the TwinEU project. The selected test sites span
voltage levels from 132 kV to 400 kV, providing a broad basis for evaluating the approach
under different network conditions.

A comprehensive dataset was available for digital twin development. This included
technical information on the monitored power lines, including conductor types and proper-
ties, cross-sectional drawings, line routes, and design parameters. In addition, operational
and environmental data were collected from line monitoring sensors, SCADA systems, and
weather data sources, as summarized in Table 1.

Table 1. Demonstration power lines and equipment used in the evaluation.

P . Line Monitoring Sensor Weather Data
ower Line ID . .
Type Quantity Type Quantity

Al “A” 2 pieces weather agency 9 pieces
A2 “A” 2 pieces weather agency 3 pieces
E1l “B” 2 pieces weather station 2 pieces
E2 “B” 2 pieces weather station 1 piece
M1 “B” 2 pieces weather station 2 pieces
M2 “B” 2 pieces weather station 2 pieces

The sensor infrastructure deployed across all investigated lines consisted of contact-
based conductor-temperature monitoring devices. Two temperature sensors were installed
on each power line, providing the measured conductor temperature data required for
ANN model training and validation. These measurements served as reference values for
developing the virtual sensor; accordingly, quantities characterizing the measurement
accuracy for the sensors, which will be used later for the validation of the neural network
outputs, are described here. The “A” type of line monitoring sensor measurement range
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is —25 °C to +180 °C with a resolution of 0.05 °C and accuracy of £1.5 °C. In the case of
the “B” type of line monitoring sensor, the measurement range is —40 °C to +125 °C with a
resolution of 0.5 °C and maximum deviation of +1 °C. None of the line monitoring sensors
are calibrated for the temperature measurement; however, the measurement uncertainty is
determined according to IEC 60751 standard [27].

Weather information was available from different sources, depending on the location
being monitored. For two of the power lines (E and M), meteorological data were collected
directly at the same span as the conductor temperature sensors, ensuring highly representa-
tive local weather measurements. For the third power line (A), no field weather station data
was available. In this case, the required meteorological information was obtained from a
national weather agency. In these cases, for the training and evaluation of the digital twins,
the closest weather points to the sensors were used. One aim of the research project was to
investigate whether neural network-based virtual sensors can generally be used without
training them with local environmental data or whether it is even possible to replace virtual
sensors between two independent lines without losing significant accuracy. Therefore, the
different weather data types served as a good basis for that part of the research.

Together with line-loading data from the SCADA system, these datasets provided
the environmental and operational inputs required to develop and assess the ANN-based
digital twin. From the different data sources, the parameters described in Table 2 were
collected. It should be noted that relative humidity was excluded from the model inputs,
as it became clear in the early stages of development that it had negligible effects on
model accuracy.

Table 2. Data collected at the different demonstration power lines.

Data F /Locati
Data Source Data [Unit] ata Frequency/Location

IIAII IIEII IIMII
Line sensor Conductor temperature [°C]
SCADA Line current [A]
Ambient temperature [°C]
Relative humidity [%] 15 min/ 10min/ 10 min/
y weather agency local local
Weather . >
. Solar radiation [W/m~]
agency/station

Wind direction [°]
Wind speed [m/s]

The line configuration in the three different demonstration lines is summarized in
Table 3, while the ambient conditions are presented in Table 4 for the used power lines.

Table 3. Properties of the power lines involved in the project.

Equipment
Power Line ID Conductor Type Bundle(s) Circuit(s) Length [km] Location [Line
Section (Third)]
Al 560/50 ACSR double double ca. 100 1st, 2nd, 3rd
A2 560/50 ACSR double double ca. 70 2nd, 3rd
E1 240 mm? AASC single single ca. 10 1st
E2 250/40 mm? ACSR single single ca. 20 2nd
M1 350/50 mm? single double ca. 80 2nd, 3rd
M2 500/65 mm? double single ca. 90 1st
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Table 4. Range for the input and output data for the power lines involved.
Measurement Point Conductor Type Minimum Mean Maximum
Ambient
temperature [°C] —-11.3 9.0 33.1
Wind speed [m/s] 0 2.1 17.2
Al Wind direction [°] 0 182.2 360
Solar radiation [W/m?] 0 145.5 1136
Load [A] 0 332.45 1600
Conductor temperature [°C] —-10.5 11.2 46
Ambient
temperature [°C] —-10.4 10.7 37.2
Wind speed [m/s] 0 1.2 12.6
E1l Wind direction [°] 0 83.3 359
Solar radiation [W/m?] 0 107.2 1368
Load [A] 0 149.1 508.7
Conductor temperature [°C] —6.4 14.2 48.5
Ambient
temperature [°C] 2.3 15.9 33.9
Wind speed [m/s] 0 1.5 12.2
M1 Wind direction [°] 0 98.4 359
Solar radiation [W/m?] 0 124.7 947
Load [A] 41 52.4 314
Conductor temperature [°C] —-0.9 6.4 21.2

4.3. Data Preparation and Splitting Methods

Following data collection from the participating system operators, the first step in the
data preparation process was to harmonize the datasets to ensure that a common ANN
training methodology could be applied across all investigated systems. Prior to neural
network training, a preliminary assessment of data quantity was performed across all
available data sources [28]. Since the performance of ANN models strongly depends on
both the quantity and quality of the available data, this constituted an essential step in
the digital twin development process. The results of this assessment provided feedback
to the system operators regarding data availability and quality, while also supporting
the selection of appropriate training, validation, and testing dataset partitions. A sample
outcome of the data quantity assessment for two different months is presented in Figure 4.
Green cells denote those hours in the month where all the data necessary for the ANN
training are available, while red cells indicate those periods where at least one parameter
is missing.

The development of the digital twin focused on implementing ANN-based virtual
sensors that reproduce the measurements of the physical sensors deployed within the
monitoring system. These ANN models were developed in MATLAB R2025b, and their
outputs, which represent the conductors’ thermal state, serve as key inputs to the ampacity
calculation module. Before model development, missing and invalid records were removed
from the datasets to ensure data consistency and reliability. The resulting database con-
tained approximately 1.5 years of measurements and served as the basis for model training
and evaluation.
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Figure 4. Sample result of data quantity check from different months.

To maintain the required independence between model development and performance
assessment, the available data were split into training, validation, and test subsets [29]. This
partitioning strategy ensures that model performance is evaluated using previously unseen
data and prevents optimization procedures from introducing bias into the final results. In
addition, the adopted data preparation framework enabled a systematic investigation of
the influence of training data volume on model accuracy.

For this purpose, two training dataset configurations were considered, corresponding
to approximately 6 months and 12 months of available measurements. Furthermore, three
data-splitting strategies were evaluated to identify the most suitable approach for ANN
generalization under strongly seasonal operating conditions. The weekday split assigns
five days to the training dataset, with one day to validation and one to testing, thereby
preserving seasonal characteristics while maintaining dataset independence. This resulted
in a 70-15-15% split between the training, validation, and testing sets, respectively. The
seasonal split distributes data proportionally within each season by randomizing daily
data blocks, ensuring representative coverage of winter, spring, summer, and autumn in all
subsets. In this case 70% of data was chosen for training, and 15-15% for validation and
testing. Finally, the time-series split partitions the data chronologically, reflecting real-world
deployment conditions, although with more limited representation of seasonal variability.
In the time-series case, 80% of the data was used for training, while the remaining 10%
was allocated to validation and 10% to testing. In all cases, the training, validation, and
testing datasets were kept strictly separate, with no samples shared between the subsets.
This separation ensures that the validation and testing data remain independent of the
model training process, enabling an unbiased assessment of model performance and
generalization. All splitting strategies were applied to the datasets of the investigated
system operators, resulting in multiple candidate ANN models whose performance and
generalization capabilities were subsequently compared during the optimization phase.

4.4. Data Normalization and DT Optimization

An important stage of digital twin development was the normalization of the input
data used for ANN training. The implemented virtual sensors rely on multiple input
sources, including weather observations and SCADA measurements, which exhibit signif-
icantly different numerical ranges and magnitudes. Without appropriate preprocessing,
these differences can negatively affect the learning process and lead to biased model be-
havior. Therefore, input data normalization was incorporated as a fundamental element of
the model development workflow [30]. The overall optimization workflow is presented in
Figure 5.
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Figure 5. Block diagram of the digital twin optimization framework.

Several normalization techniques were evaluated to assess their suitability for pre-
dicting conductor temperature. The methods investigated included Z-score (Equation (1))
standardization, Min-Max scaling (Equation (2)), and robust normalization based on the
median and interquartile range (Equation (3)) [31].

Xnorm, i o (1)

X - i min 2

norm,i Xonax — Xomin 2)
Xi— X

i QZ( ) (3)

Xnorm,i = Q3(X) O (X)

where X, ; is the normalized value of the ith sample; X; is the original value of the ith
sample; y is the mean (average) of the dataset; o is the standard deviation of the dataset;
i is the index of the observation/sample; X,,;, is the minimum value in the dataset; Xj;ax
is the maximum value in the dataset; Q;(X) is the 25th percentile (first quartile); Q,(X)
is the median; Q3(X) is the 75th percentile (third quartile); and Q3(X) — Q1(X) is the
interquartile range.

Since the effectiveness of a normalization technique depends on both the dataset’s
statistical properties and the neural network’s structure, the optimal normalization ap-
proach was determined for each model as part of the overall optimization procedure [32].
Consequently, data normalization was treated not only as a preprocessing step but also as
an integral component of digital twin optimization.

In addition to data preprocessing, the accuracy and reliability of the ANN-based
virtual sensors are strongly influenced by the selected network architecture and training
methodology [25]. To systematically optimize these aspects while maintaining compu-
tational efficiency, a three-phase Bayesian optimization framework was developed. The
first optimization phase focused on identifying the optimal combination of normalization
method and neural network type within a fixed reference architecture [33]. In this step the
best-performing normalization method was chosen for every measurement point, selecting
the better-performing model type. The model types included were the feed-forward net-
work and the cascade-forward network. To ensure an unbiased assessment, all candidate
configurations were evaluated exclusively using the validation dataset, thereby preserving
the independence of the test dataset.
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After selecting the network type and normalization strategy, the second phase focused
on the neural network architecture. A model for every dataset was trained using the
normalization method and network type selected in the first phase. In this phase the models
were trained over and over again with different architectures, based on the rules of Bayesian
optimization, and they were tested on the validation set. This way the best-performing
architecture for every dataset can be selected [34]. Since the neural network’s structural
characteristics largely determine its ability to capture complex nonlinear relationships
among environmental conditions, line loading, and conductor temperature, this phase
primarily focused on improving predictive accuracy.

The third optimization phase focused on training-related hyperparameters. In this
phase the model architecture selected in the second phase was further optimized through
the modification of the hyperparameters. Bayesian optimization was employed to deter-
mine optimal parameter values, such as the learning rate and momentum, to improve
training efficiency and convergence behavior (Figure 6). Through this approach, both the
network structure and the training process were systematically adapted to the characteris-
tics of the available datasets.

Objective function model
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Figure 6. Different ANN configurations and optimization of the momentum and learning rate.
One representative example after the optimization of the network parameters is
provided in Table 5. The table summarizes the network layer structure, training algorithm,
learning rate, and momentum for a selected configuration. These parameters illustrate the
type and level of model optimization performed.
Table 5. An example of an optimized network architecture.
. Number of Hidden Neurons in Trainin, Learnin
Architecture . 8 8 Momentum
Layers Hidden Layers Algorithm Rate
Gradient
CEN * 3 [1251] 0.0033 0.8676

descent with momentum

* CFN: Cascade Forward Neural Network.

The complete digital twin optimization procedure was performed for each investi-
gated transmission grid and each previously defined data-splitting strategy. The results
showed that, although the weekday split achieved the highest performance according to
conventional evaluation metrics, the seasonal split provided superior generalization capa-
bility due to its more representative coverage of seasonal operating conditions. As a result,
the seasonal split was selected as the final methodology for digital twin development, while
the results from all splitting approaches were retained for comparison and benchmarking.
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5. Results

After the collection, cleaning, harmonization, and preparation of the available datasets,
the digital twin development process reached the evaluation stage. The following section
presents the evaluation framework used to verify the feasibility of the proposed ANN-
based digital twin concept and to assess the performance of the developed virtual sensors
by comparing their conductor temperature estimates with measurements from the physical
monitoring sensors installed on the transmission lines.

5.1. Evaluation Framework

The evaluation of the developed digital twin solution is critical, especially as it is used
in safety-critical power system applications where prediction errors may directly influence
operational decisions. Since different performance metrics emphasize different aspects
of model behavior, a comprehensive and application-oriented evaluation framework was
established for the ANN assessment. The investigated problem is a regression task in which
conductor temperature is estimated from line load and meteorological parameters; there-
fore, the evaluation methodology focuses exclusively on regression-oriented performance
indicators and reliability measures.

The first component of the evaluation framework assesses prediction accuracy using
residual errors between predicted and measured temperatures. Mean Absolute Error (MAE)
was selected as a measure of average prediction accuracy because it provides an intuitive
interpretation of the typical error magnitude while preserving the physical unit of the target
variable (Equation (4)).

MAE = %Z?:l lgpredicted — Ytrue 4)
where 7 is the total number of observations; i is the index of the observation; §egicted is the
predicted value; and y is the actual value.

To better capture the influence of large prediction deviations, Root Mean Squared
Error (RMSE) was also investigated (Equation (5)), as its squared-error formulation places
greater emphasis on infrequent but potentially critical errors [35].

1 . 2
RMSE = \/I’l Z?:l (]/predicted - ytrue) (5)

In addition, the coefficient of determination (R?) was used to quantify the ANN models’
ability to explain the variability in observed conductor temperatures (Equation (6)) [32].
Together, these metrics provide comprehensive information regarding model accuracy,
prediction quality, and overall explanatory power.

» . 2
R2 1 Zi:l (ypredicted - ytrue) (6)
Z:lnzl (ytrue - yt”uf)z

While accuracy metrics are essential, they do not fully characterize a model’s suitability
for operational deployment in power system environments. For this reason, the evalua-
tion framework also incorporates reliability-oriented indicators designed to assess model
robustness and trustworthiness. This aspect is particularly important because conductor
temperature prediction supports DLR calculation, where inaccurate estimates may result
in either unnecessary operational constraints or increased safety risks. Furthermore, the
measured reference temperatures used for training and validation are themselves affected
by sensor inaccuracies, communication failures, and other sources of uncertainty, which
complicates the assessment of model reliability.
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To address these challenges, reliability was evaluated through an outlier-based analy-
sis. The primary metric used for this purpose was the 95th percentile (P95) of the absolute
prediction error distribution (Equation (7)), which provides insight into the level of error
that is exceeded in only a small fraction of operating conditions. This measure quantifies
prediction confidence and highlights the model’s behavior under less typical circumstances.

) )

P95 = percentile95 (‘yApredicted, i~ Ytrue, i

In addition, the outlier percentage was introduced to measure the proportion of pre-
dictions exceeding the predefined project accuracy threshold of 2 °C (Equation (8)), which
was chosen based on utility requirements and operational considerations. By explicitly
tracking the occurrence of large prediction errors, this metric complements conventional
accuracy measures and reflects the practical reliability of the ANN models. Consequently,
the proposed evaluation framework combines statistical accuracy assessment with robust-
ness analysis, providing a comprehensive basis for selecting ANN models suitable for
deployment in digital twin-based dynamic line rating applications.

- C)) x 100 (8)

N .
(Zi:11 <‘ypredicted, i — Ytrue, i

Pout = N

5.2. Performance of the DTs

Based on the evaluation framework and ANN optimization methodology described
in the previous sections, a comprehensive set of digital twin models was developed and as-
sessed for the transmission line monitoring applications investigated. The following section
presents the results, focusing on the accuracy, robustness, and generalization capabilities
of the optimized ANN-based virtual sensors compared with the measurements from the
physical conductor temperature sensors. Table 6 presents key metrics for investigating the
different models.

Table 6. Results of the ANN models with the chosen metrics.

Model Parameters and Results

Measurement Length of Outli
Location ID Training Architecture*  Normalization RMSE [°C] MAE [°C] R?[-] P95 [°C] P utuer o
ercentage [%]
Al 6 months CFN Z-Score 3.015 2.192 0.911 5.853 42924
Al 12 months FEN Robust 2.927 2.190 0.907 5.579 43.421
A2 6 months FFN None 1.930 1.403 0.963 3.984 22.813
A2 12 months FEN Min-Max 1.899 1.385 0.955 3.828 23.755
M1 6 months FFN Min-Max 0.982 0.664 0.989 1.965 4.802
M1 12 months FFN Min-Max 0.962 0.662 0.989 1.946 4.622
M2 6 months CFN Min-Max 1.024 0.725 0.985 2.113 5.930
M2 12 months CFN Robust 1.087 0.755 0.984 2.161 6.200
El 6 months CFN Min-Max 0.792 0.549 0.992 1.647 2.676
E1l 12 months CFN Min-Max 0.826 0.551 0.991 1.650 3.076
E2 6 months CFN Min-Max 0.932 0.655 0.990 1.943 4.532
E2 12 months CFN Robust 0.791 0.556 0.992 1.538 2.524

* CFEN: Cascade Forward Neural Network; FEN: Feedforward Neural Network [36].

The comparative analysis of the developed conductor temperature prediction models
highlights the critical importance of local measurement quality and meteorological data
availability for achieving accurate and reliable predictions. Significant differences were
observed among the investigated transmission systems, represented here as SOs “A”, “M”
and “E”, demonstrating that improvements in data quality directly translate into enhanced
model performance.

For the final evaluation, the seasonal split validation strategy was selected despite the
slightly better mathematical performance achieved by the weekday split approach. The
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seasonal split was considered the most representative and unbiased evaluation framework
because both the training and test datasets contain samples from all seasons, ensuring that
models are assessed across a broad range of environmental and operational conditions.
This approach better reflects real-world deployment scenarios, where conductor temper-
ature prediction models must remain robust year-round, regardless of seasonal weather
variations or changes in system operating conditions.

The results obtained for SO “A” (Figure 7) were the least accurate among the inves-
tigated systems. This outcome was largely attributed to the absence of locally measured
meteorological data, which significantly limited the models” ability to capture the tendency
of conductor temperature. While the optimization process and advanced neural network
architectures significantly improved performance over the initial baseline models, predic-
tion uncertainty remained relatively high. The best-performing power line “A” model
(Feedforward Neural Network) achieved an RMSE of 1.899 °C and an MAE of 1.385 °C,
while approximately one quarter of all predictions exceeded the target error range of £2 °C.

Test Set Performance
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Figure 7. Results of ANN model on power line Al with 6 months of seasonal split training.

A substantial improvement was observed for SO “M” (Figure 8), where high-resolution
local weather measurements were available. The developed models achieved RMSE values
close to 1 °C and MAE values below 0.8 °C, representing a significant enhancement in both
accuracy and reliability compared to SO “A”. Outlier percentages remained below 7%,
while P95 values around 2 °C confirmed the stability of the predictions. The results also
indicated that increasing the training duration allowed for improved model performance in
one of the cases regarding SO “M”, suggesting that in that case, the additional data enabled
better generalization capabilities.

The best overall performance was achieved by SO “E” (Figure 9). Despite lower overall
data availability, the high quality of the available measurements enabled the models to
predict the measured conductor temperature values accurately. The final models achieved
RMSE values close to 0.8 °C and MAE values of 0.55 °C, while outlier percentages remained
near 3%. These results indicate that approximately 97% of predictions were within £2 °C
of the measured conductor temperature. The high accuracy of the models was further
demonstrated by their R? values, which exceeded 0.99. Furthermore, in the case of SO “E”,
the longer training period only improved the results for one of the models.
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Figure 8. Results of the ANN model on power line M1 with 6 months of seasonal split training.
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Figure 9. Results of the ANN model on power line E1 with 6 months of seasonal split training.

Overall, the results demonstrate that neural network-based conductor temperature
prediction is strongly dependent on the quality of the available input data. The comparison
of SO “A”,“M” and “E” clearly shows that high-quality local meteorological measurements
are the primary factor enabling highly accurate and dependable conductor temperature
estimation. While the weekday split approach consistently produced the lowest prediction
errors, the seasonal split was ultimately preferred because it provides a more representative
assessment of long-term operational performance under varying environmental conditions.

6. Discussion

After presenting the results, this section discusses their interpretation, the practical
outputs and applications of the developed digital twin, the methods used to assess model
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performance, and the key limitations and considerations for deploying and operating such
ANN-based digital twin solutions.

6.1. Interpretation of the Results

The results demonstrate that the proposed ANN-based digital twin approach can
reproduce conductor temperature measurements with high accuracy under the operating
conditions investigated. The primary objective of the digital twin concept was not to
completely replace physical monitoring systems, but rather to reduce the number of field
devices required while maintaining monitoring performance comparable to that of con-
ventional sensor-based solutions. The results indicate that, provided sufficient quantities
of high-quality training data are available, the accuracy of the virtual sensors can achieve
a level suitable for temperature monitoring. This finding represents an important step
toward more efficient and cost-effective overhead line monitoring solutions.

A further significant outcome is the demonstration that virtual sensors can accurately
estimate conductor temperature using both weather observations and operational loading
data. The achieved performance was observed across different voltage levels and sensor
technologies, suggesting that the underlying methodology is largely independent of the
specific network configuration or monitoring equipment used. This supports the wider
applicability of ANN-based digital twins in transmission line monitoring systems.

At the same time, the results clearly indicate that successful model development
depends strongly on data quality and availability. The training process requires sufficiently
long, representative, and reliable datasets, and not all available measurements are neces-
sarily suitable for ANN training. This phenomenon was extremely noticeable in the case
of SO A, as in that case no local weather measurements were available. The results show
that the lack of local weather measurements results in the models performing worse and
renders them unable to reach the desired accuracy. While the results for SO A did not meet
the desired accuracy, they provided useful insights into the importance of local weather
measurements. Accordingly, the research question of whether virtual sensors should be
trained with local parameters or whether virtual sensors can be trained with generalized
data sets for independent power lines without losing accuracy is also answered. To reach
the desired accuracy, the importance of local training data is unquestionable, including the
operation conditions and conductor parameters, too.

The differences in model accuracy may be related to several factors, including sea-
sonal variations, measurement characteristics, and differences between the investigated
transmission lines. Although the same ANN training and optimization methodology was
applied across all cases, the datasets and resulting optimized models differed. Furthermore,
differences in conductor dimensions may influence the thermal response, with typical ther-
mal time constants being comparable to the sampling interval used in this study. Seasonal
differences may also affect the results. However, the optimization was primarily focused
on achieving adequate performance during late spring and summer (for cases E1 and M1),
which represent the most critical periods for DLR operation. The individual contributions
of these factors, including potential concept drift and ANN training variability, were not
investigated separately because the models (E1 and M1) met the predefined accuracy re-
quirements. The results are consistent with the initial hypothesis of the project that the
availability and quality of local weather data have a significant influence on model accuracy.
It should be noted, however, that the use of limited weather data was an intentionally
designed test case and should not be interpreted as representative of the data normally
available to or used by the respective system operator (SO) under real operating conditions.

From a practical perspective, the results suggest that a portion of the physical sensor
infrastructure can be substituted by virtual sensors without significant degradation in
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accuracy. This may reduce installation costs (CAPEX) or operational costs (OPEX) as well
as maintenance requirements, carbon footprint, and operational complexity for utilities [22].
Moreover, because physical sensors are primarily required during the model training pe-
riod, which is typically less than 1.5 years, new business models may emerge, such as
sensor rental concepts supporting circular-economy principles and continuous technologi-
cal renewal. Nevertheless, it is important to emphasize that the complete replacement of
physical monitoring devices is neither the objective of the digital twin concept nor a recom-
mended strategy for transmission system operators. Physical sensors remain indispensable
for model training, validation, and the long-term reliability of the monitoring system.

6.2. Application of the Results

Tracking conductor temperature is a key capability for transmission system operators;
however, the ultimate objective is to determine transmission capacity to enhance the
utilization of existing infrastructure. Conventional Dynamic Line Rating (DLR) methods,
such as the CIGRE and IEEE models, are indirect approaches for calculating conductor
ampacity. These methods utilize weather parameters, including ambient temperature,
solar radiation, wind speed, and wind direction, as input variables. The thermal balance
of the phase conductors is determined by considering the effects of these environmental
factors and Joule heating from the current flowing through them. By incorporating the
conductor’s technical parameters, the allowable current corresponding to the maximum
operating temperature (MOT), which defines the conductor rating, can be calculated.

However, these conventional models involve simplifications and neglect physical
phenomena such as the heating effect of corona discharge and the evaporative cooling
effect of precipitation [16]. Consequently, the accuracy of their output may be limited.
To further investigate this aspect, the performance of the conventional CIGRE model
was compared directly with that of the developed ANN-based virtual sensor using the
same test dataset. In this comparison, the conductor temperature calculated using the
CIGRE thermal model was evaluated against the measured conductor temperature, and
the resulting errors were compared with those obtained from the virtual sensor. Figure 10
presents the corresponding error distributions as boxplots. This comparison provides a
direct baseline evaluation on the same test data and allows the relative prediction errors of
the conventional thermal model and the proposed virtual sensing approach to be assessed
under identical conditions.

To address the limitations associated with conventional thermal models, a direct am-
pacity calculation method has been developed based on conductor temperature measure-
ments. In this approach, the ANN-based digital twin’s estimated conductor temperature
serves as an input parameter. A significant advantage of direct ampacity calculation is
that it inherently accounts for conductors’ thermal inertia. This characteristic provides a
more practical solution for everyday operation, as dispatchers can rely on a less variable
parameter when considering transmission capacity constraints. Moreover, the DT-provided
ampacity can be used for market co-optimization, which can also affect electricity prices in
a dedicated region.

The application of digital twins for overhead line monitoring provides several benefits.
It enables deployment of a broader virtual monitoring network to assess conductor thermal
distribution and supports more accurate ampacity calculations. Consequently, digital-twin-
based conductor temperature estimation contributes directly to the uprating of electricity
grids and to the enhanced utilization of existing transmission infrastructure.
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Figure 10. Distribution of conductor temperature prediction errors for the CIGRE thermal model and
an example ANN-based virtual sensor on the same test dataset.

6.3. Limitations of the DT

Although the developed digital twin demonstrated robust performance, including
satisfactory operation on extended evaluation datasets, it is important to recognize the
inherent limitations of the proposed approach. The accuracy of conductor temperature
estimation remains highly dependent on the input parameters used during model training.
Consequently, not only the quantity but also the quality of the available data plays a
critical role in determining model performance. Without proper data validation and
quality assurance procedures, the use of inaccurate or incomplete datasets may introduce
significant uncertainty into the predictions.

Another limitation is that the ANN model may occasionally produce anomalous
outputs that deviate from the expected temperature values. In certain cases, these prediction
errors can reach several degrees Celsius, with deviations approaching the 5 °C range.
For this reason, the results should preferably be interpreted as time series rather than
isolated individual values, as temporal filtering and trend analysis can effectively reduce
the influence of occasional outliers. Nevertheless, as the results show, both the frequency
and magnitude of such outliers remain low in well-trained models and therefore do not
significantly affect the overall applicability of the digital twin.

Furthermore, the presented concept should not be interpreted as a justification for
completely replacing the physical monitoring infrastructure with virtual sensors. This
consideration becomes even more important in the context of climate change, which is
increasing the frequency and severity of extreme weather events. Under such conditions,
the ANN model may encounter operating scenarios or combinations of input variables that
were underrepresented or entirely absent in the training dataset. Therefore, it is strongly
recommended that a sufficient number of physical monitoring devices remain deployed
within the network. These sensors provide reference measurements for continuous model
validation and, when necessary, enable recalibration and retraining of the digital twin to
maintain long-term accuracy and reliability.
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7. Conclusions

Power line monitoring represents an emerging technological paradigm in which
scalability and cost remain significant barriers to widespread deployment. Although
virtual sensing solutions are already available on the market, many existing approaches
rely primarily on weather-based models and therefore do not adequately account for the
actual physical behavior, condition, and aging of transmission assets. To address this gap,
this study investigated a multi-layer Digital Twin framework for overhead line monitoring.
Within this architecture, the first layer focuses on data preparation, the second layer consists
of ANN-based virtual sensors, and the third layer utilizes the obtained thermal information
for Dynamic Line Rating (DLR) and ampacity calculations.

The main objective of this work was to further develop the second layer of the frame-
work by creating and evaluating ANN-based virtual sensors to estimate conductor tem-
perature from weather observations and SCADA-derived loading data. By training the
models on measurements from physical conductor temperature sensors, the developed
digital twin can better reflect the actual operating state of both the transmission line and
its environment. The proposed methodology was validated within the Horizon Europe
TwinEU project using datasets obtained from three system operators, covering different
voltage levels, climatic conditions, and monitoring infrastructures.

Following data harmonization, filtering, and preliminary quality assessment, several
data splitting and normalization approaches were investigated to account for seasonal
effects and improve model robustness. Furthermore, network architectures and training
hyperparameters were systematically optimized to address a key limitation identified
in previous studies. The developed evaluation framework enabled a comprehensive
assessment of model performance through metrics related to average accuracy, maximum
deviation, and outlier behavior.

The results demonstrate that ANN-based virtual sensors can reproduce conductor
temperature measurements with high accuracy when sufficient quantities of high-quality
data are available. Across the investigated cases, the proposed methodology achieved
RMSE values ranging from 0.791 °C to 1.087 °C and MAE values ranging from 0.549 °C
to 0.755 °C, considering the cases where the data quality and quantity were sufficient.
These results demonstrate the proposed method’s ability to accurately reproduce measured
conductor temperatures. The acquired results, together with the systematic evaluation of
data splitting, normalization, and site-specific hyperparameter optimization, demonstrate
the scientific contribution and novelty of the proposed methodology. The differences in
model accuracy may result from several factors, including seasonal variations, conduc-
tor characteristics, measurement conditions, and ANN training variability. The required
accuracy was achieved only for models using high-quality local weather data, consistent
with the project’s initial hypothesis that representative local meteorological information
plays an important role in model accuracy. The findings also highlight the importance of
representative local weather data, as the lack of site-specific meteorological measurements
significantly impacts prediction accuracy. The lack of high-quality data and site-specific
weather measurements limits the model performance, preventing the models from achiev-
ing the desired prediction accuracy. It should be emphasized, however, that the cases with
limited weather data were intentionally included in the study for comparison and do not
represent the data normally available to or used by the respective system operators under
real operating conditions.

Overall, the study supports the concept that a portion of the physical monitoring
infrastructure can be complemented or replaced by virtual sensors without substantial loss
of performance. This creates opportunities not only to reduce deployment and maintenance
costs but also to simplify monitoring architectures and enable new business models. At the
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same time, the results indicate that complete replacement of physical monitoring devices
is neither necessary nor recommended. Instead, a balanced combination of physical and
virtual sensing technologies offers the most promising pathway toward cost-effective,
scalable, and reliable transmission line monitoring systems. The presented results can
support utilities in selecting the most appropriate monitoring strategy for their networks
while providing a foundation for future applications in ampacity calculation, market-
oriented operation, and asset management.
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