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Abstract—To ensure the power system operates optimally
and economically, precise evaluations of component physical
limitations are necessary. Hence, to evaluate these constrains,
electrical grid operators usually adopt well-known methods
based on mathematical model which better describe the physics
behaviour of the system. An effective approach to estimate these
limits is here presented employing Artificial Neural Network
(ANN). With traditional methods, these estimations could be
inaccurate due to many factors. Therefore, in this work an ANN
based method to estimate all the working temperatures of
overhead transmission lines has been presented. The estimation
of the proposed ANN based method is compared to the CIGRE
physical model. The case study results, based in real data,
clearly show the great applicability and the improved accuracy
of this proposed ANN based method.
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I. INTRODUCTION

Due to the growing number of loads and Renewable
Energy Sources (RES) generators connected to the power
grid, Transmission System Operator (TSO) often face
congestion issues: it is thus necessary to increase the
exploitable line capacity. In most of cases, not having any
available real measurement in the line section where the
congestion occurs, capacity limits are often estimated through
indirect methods. Obviously, the use of conservative
calculations, often underestimating the actual capacity
available under certain conditions, leads to improper decision
in terms of optimization of power system operation, such as
absorbed load reduction, generation reduction and
interventions on entire lines.

To address this, expanding the capacity of transmission
and distribution lines, such as through infrastructure upgrades,
is a fundamental solution. However, some limitations exist as:
high costs, steep population density growth, intensive usage
of lands for various developments and legal difficulties of
building new lines. To increase transmission line capacity
more cost-effectively, grid operators are primarily focusing on
strategies that accurately assess thermal limits. These
strategies must ensure reliability and safety while maintaining
adequate line clearances, avoiding the need for
time-consuming line annealing [1].
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Maximum power transfer in transmission lines is fixed and
based on three limits: stability, thermal and mechanical.
Stability limit commonly restricts the maximum power for
high voltage and long transmission lines, and it depends on the
line impedance. Thermal limit is a constraint referring to the
losses both of thermal and mechanical properties of the
conductor because of overheating. Mechanical limit applies
for OverHead Lines (OHLs) and it is defined by the minimum
distance between conductor and ground; this usually limits the
current intensity for short and medium OHLs.

In this contest, one of the most promising methods to
increase the capacity of an existing transmission line is the
Dynamic Thermal Rating (DTR) [2]-[5], where the term
thermal rating represents the value of the continuous
conductor current which would produce the maximum
allowable conductor temperature in a specific location and
time along a power transmission line [6]. This current level is
known as the ampacity of the line, and it can be used as a static
or dynamic value [7]. According to this main classification,
the relevant estimation models found in literature can be
different, as detailed in Fig. 1 [8] and [9].
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Table I [10] qualitatively summarizes the effect of weather
fluctuations or changes on thermal ratings of a current
carrying conductor.

TABLE I
QUALITATIVE EFFECT OF WEATHER CHANGES ON THERMAL RATINGS
FOUND IN THE BIBLIOGRAPHIC REVIEW

Climatic factor Variation Conductor capacity
Ambient air 2% actuation +2%
temperature 10% decrease +11%

Wind speed and 1 m/s increase ~18%

direction 90° angle ~23%

Solar radiation Cloud shadpwmg *a few percent

total eclipse +18%

Therefore, considering an OHL, it is evident that both
climatic/weather factors and conductor features has a very
strong effect on DTR estimation. Besides, it has been



demonstrated that physical methods are largely affected by
inaccuracies of input data, when employed as forecasting
models as the weather forecasts are often inaccurate.
Moreover, Machine Learning (ML) based model have been
successfully employed when the modelled system was too
complex and, due to their data driven logic, have proved to be
noise independent i.e. are capable of mitigating the weather
forecasts error by learning its trend.

Finally, in this paper, results of the Dynamic Thermal
Rating based on CIGRE model, which is currently adopted by
a TSO and an Atrtificial Neural Network (ANN) based method
are compared with measured values of existing overhead lines
temperature. In the temperature estimation with the physical
model, transient overload is exploited.

II. DYNAMIC THERMAL LINE RATING

Dynamic Thermal Line Rating (DTR) can increase the
estimation accuracy of ampacity of existing transmission lines
[5] by dynamically adjusting the line temperature estimation.
Dynamic ampacity, usually called Dynamic Line Rating
(DLR), is based upon actual weather and pre-load conditions
(rather than worst case ones) [11] and is thus normally higher
than static ratings. For some applications real-time field
monitoring is required, continual re-calculation of thermal
ratings and it considers the variability of the line
characteristics along with its surroundings [12] and [13]. The
real-time monitoring of electrical systems and environmental
parameters can help to dynamically rate transmission lines and
thus helps in maximizing the thermal capacity of critical
OHLs. Weather variation can greatly influence the ampacity
of the lines. In [8]-[10] it is studied the effect of weather
fluctuations on thermal ratings of a current carrying
conductor, highlighting the relevance of wind variation, line
angle and convective cooling on conductor capacity, in lightly
loaded lines.

In most of the cases, DLR implementation provides
additional transmission capacity with respect to static line
ratings, reducing the curtailments and the rate of line
congestion. This issue has been proved to be particularly
important for wind energy integration in proximity of the wind
power plant itself.

When the energy production is high, the OHL is subjected
to an important cooling effect due to the wind, increasing the
line ampacity with respect to the static limits [14] and the
transmission capacity [15]. Associated risks to the adoption of
DLR are mainly related to thermal aging and spatial and
temporal variability of the ampacity. In addition, the
implementation of dynamic line rating requires the
availability of accurate predictions and/or measurements of
environmental and structural parameters. As detailed in Fig. 1,
there are two main approaches to provide DLR, Direct and
Indirect Methods [7] and [16]. In this work to know the
conductor temperature on a span Direct Method (measure),
Indirect Physical method and Indirect ANN method will be
considered. In particular, the line temperature is measured,
and a comparison is executed on four reals Italian OHLs every
5-minutes-ahead.

Indirect Physical Method

Indirect methods of DLR estimation, is a prediction-based
data which uses weather data from the weather stations or
generating data by using numerical weather modelling. To
calculate the ampacity of the OHL under given weather

conditions, the heat balance equation (1), together with
industrial standard-based component thermal models, is
adopted.

mc-Tlte = p 4P —P, —P, (1)

where mc is the thermal capacity of the line per unit of length,
Tiine 1s the line temperature, P; and Ps are the heating
components related to joule losses and solar irradiation and Pc
and P, are the cooling components referred to convection and
radiation. Some of the methodologies that are being used to
calculate thermal rating of OHLs are standards reported by
IEEE and CIGRE [17] and [18]. With these methodologies,
line capacity should be estimated for each span and then the
minimum value should be kept. Alternatively, a sensitivity
analysis must be conducted to identify the critical spans where
that methods will be then applied. The two methods differ in
how they account for the effects of forced and natural
convection.

The CIGRE standard employs empirical correlations to
calculate natural convection, using Grashof and Prandtl
numbers. Forced convection is determined primarily through
the Nusselt number. The standard suggests considering forced
convection for wind speeds above 0.5m/s and choosing the
dominant value for lower velocities. Further empirical
correlations are proposed. The user guide for CIGRE
adoption, additionally, highlights that, considerable errors can
occur in case of high wind speeds, due to the difficulty in
assessing turbulent behaviour of air, indeed, the validity limit
for the above-mentioned correlations is set at Reynold number
equal to 4000 [19].

In contrast to the CIGRE model, the IEEE provides two
relationships both for high and low wind speeds, considering
Nusselt coefficient and the wind direction. For natural
convection, an empirical equation based on several parameters
as: conductor diameter, air density and temperature difference,
is used. The model recommends selecting the higher value
from the two forced convection relationships for wind speeds
exceeding 0.2 m/s and considering natural convection for
lower velocities. The acceptable range of variation of the wind
speed is from Om/s to 18.9m/s [20].

The main advantage of these methodologies is related to
the low installation cost of the required equipment and the
possibility to perform it without any outage of the line. To get
the required meteorological measurements conductor replicas,
weather stations or Numerical Weather Prediction (NWP)
models can be adopted'. These techniques are particularly
suitable for lightly loaded lines, where the current density is
lower than 0.5A/mm? [20].

Indirect ANN Method

ANN are ML techniques that model the structure and
learning process of the human brain. The ANN architecture
typically consists of three layers: an input layer, one or more
hidden layers, and an output layer. The input layer receives
external data, which is then processed by hidden neurons in
the hidden layers. Finally, the output layer generates
predictions based on the information from the previous layers.
ANNs excel at approximating complex, nonlinear

! Numerical Weather Prediction (NWP) models focus on taking current
observations of weather and processing these data with computer-based
models to forecast the future state of weather.



relationships between input and output data with high
accuracy.

A schematic representation of a feed-forward ANN with a
double hidden layer is reported in Fig.2. The term
“feed-forward” means that the data move only in forward
direction, from input to output nodes, without any feedback
connection between layers. Each layer is composed by
artificial neurons, basic processing units also called
“perceptrons” or “nodes”. Different neurons are connected to
each other by means of weighted connections. Positive
weights determine excitatory connections, while negative
weights characterize inhibitory connections. Each unit
performs a relatively simple job: it receives inputs from
neighbours or external sources and use them to compute an
output signal which is propagated to other units [21].

Fig. 2. Schematic of a feed-forward ANN with a double hidden layer

An ANN learns an internal representation of the existing
relations between input and output by means of the training
procedure. During this process, the optimal weight of each
connection between neurons is selected. Training is usually
performed in a supervised manner, meaning that both input
and the corresponding desired output are delivered to the
algorithm. First, the weights are randomly set. Then, the
examples are presented to the network one by one. For every
example presented, an error metric is used to quantify the
difference between provided and desired output. Weights and
biases are adjusted in such a way to minimize the error
computed. To achieve good generalization capabilities from
the process, a suitable training algorithm must be selected.

One of the problems occurring during ANN training
process is the so-called overfitting. In detail, the error on the
training set drops to very small values but, when new data are
provided to the network, the error is large. In other words, the
network memorizes the training examples but do not learn to
generalize new samples. A typical approach for improving
generalization by avoiding overfitting is called early stopping.
It consists in dividing the available data into three subsets. The
first subset is the training set, which is used for updating the
network weights and biases. The second subset is the
validation set. The error on the validation set is monitored
during the entire training process. The validation error
normally decreases during the initial phase of training, as also
the training error does. However, when the network begins to
overfit the data, the validation error begins to rise. When it
increases for a specified number of iterations, the training is
stopped, and weights and biases corresponding to the
minimum of the validation error are set. The test set error is
not used during training, but to assess the performances of the
trained network.

In the present work, as first step, days available in each
dataset are randomly sorted. Then, the dataset is divided in 3
portions with equal number of days. Three ensembles of
ANN:Ss are trained: an ensemble prediction basically combines

forecasts from multiple base learners to achieve improved
performances, reliability and generalization capability with
respect to a single base learner [22]. Each ensemble uses one
of the obtained portions as test set, while the two remaining
portions are merged and then the 80% of them is used as
training set, while the remaining 20% is used as validation set.
Each ensemble is constituted by 40 independent trials, and the
independence between different trials is achieved randomly
sampling the training and validation sets before each training
phase. The output of the ensemble temperature estimation is
equal to the median of all the single trials. Each ANN
constituting the ensemble prediction takes as input the
following input features: wind speed, wind direction angle,
solar radiation, air temperature and current. The proposed
procedure, summarized in Fig. 3, grants that the performance
computed is representative of the one obtainable in a real
application, because it is evaluated on the entire amount of
data available.
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Fig. 3. Proposed ANNs procedure for line temperature estimation

Every single ANN trained presents a feed-forward
architecture. Moreover, the structure presents two layers
composed of hidden neurons.

Each neuron is characterized by a tan-sigmoid activation
function. The selection of the number of neurons in the hidden
layer is particularly important because it is directly related to
the model complexity. An oversimplified network structure
determines a loss of the ability to establish relations between
actual and target outputs, causing underfitting issues. On the
other hand, an overly complicated architecture can capture the
smallest fluctuations in the training set. Hence, overfitting
occurs, and the network captures even the random noise in the
training set [23]. To properly establish the hidden layers size,
a sensitivity analysis is carried out. In practical terms, the
trade-off between performance and model complexity is
studied observing the value of the network error, defined as
difference between output and target quantities, in function of
a variable number of hidden neurons. The result of this
analysis demonstrates that the optimal network structure to be
adopted with six months of data presents 12 neurons in both
hidden layers. As observed before, some datasets can contain
a smaller number of samples, hence a dedicated sensitivity
analysis is carried out for them. The optimal network structure
to work with those data presents two layers with 3 neurons
each. Moreover, some of the datasets covering a six months
time period presents a large number of missing days or they
are heavily affected by the dataset cleaning procedure. In these
cases, the described structure still constitutes a reasonable
compromise between performance and complexity and is kept
fixed. The network training is performed by means of an error
back-propagation strategy, adopting the
Levenberg-Marquardt algorithm.



III. CASE STUDY

The performances of physical and ANN-based models are
tested and compared on a case study, based on real data of
several existing overhead line sections.

Data available in the present analysis are acquired by
dedicated meteorological stations, installed on the line pylons
(or in their surroundings). The line sections on which the
conductor temperature is estimated are those next to the pylon
where the weather station is installed, as depicted in Fig. 4.
For the same overhead line, data from different weather
stations may be available: in this case, different spans of the
same line are object of analysis.

TN

Fig. 4. Line sections considered during conductor temperature estimation
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The dataset describing each line span is recorded with a
5-minutes time step and covers two different time periods,
with a total duration of 7 months:

e datainvolved in ANN-based model training, spanning 6
months from 01/08;

e data involved in physical and ANN-based model
testing, spanning for 1 month from 01/09.

Specific Line (L-) span dataset was obtained from a
dedicated Weather Station (WS) located on the closest pylon
of the span, namely:

Span 1 of L-A (WS 1)
Span 2 of L-A (WS 2)
Span 3 of L-B (WS 3)
Span 4 of L-C (WS 4).

Each WS is capable of measuring these data: solar
radiation (W/m?), wind speed (m/s), wind direction (°) and
air temperature (°C). Besides, for each line, the average
current intensity (A) is recorded. Further information on the
average current flowing through each line conductor during
the specified time frame is also available.

The real line temperature (°C) is also recorded, and it is
employed to compare the line rating models performances.
Computing the temperature output of both the ANN-based
and the physical models, it is possible to estimate data
deviation from the actual temperature value. Finally, the two
models are compared in terms of the estimation error
committed.

To achieve a proper implementation of the proposed
temperature estimation model, and for a fair comparison, data
clearing out of inconsistent and non-reliable samples is
required. More in detail, the following exclusion criteria are
applied: wind speed < Om/s; wind direction angle <0° or
> 360°; solar radiation < 0W/m?; air temperature > 50°C; data
corresponding to sensor error alerts. On top of this
preprocessing phase, datasets undertake an additional
cleaning procedure consisting of a maximum wind speed
value filtering. Hence, only time frames, where wind speed is
lower than its mean value plus five times the wind speed
standard deviation (referred to the whole available dataset),
are retained in the dataset.

IV. PERFORMANCE METRICS

To evaluate and compare the performance of physical and
ANN-based models, three different metrics are adopted which
are related on the following error formulation:

e = n{ne,t - Tl7i1111e,t (2)

In the equation, Tl{ne,t and T}, . are the forecast and
measured line temperature at time t, respectively.

The Mean Absolute Error (MAE) measures the absolute
value of the mean deviation from the real value [9]:

N
MAE = =il 3)

In the equation, N is the number of available time samples.

The Mean Bias Error (MBE) measures the mean of the
errors committed, evaluating whether a bias in the prediction,
either positive or negative, exists:

N
MBE = =1t )

Another metric adopted is the Root Mean Square Error
(RMSE), that evaluates the dispersion degree of the forecast
values around the measured quantity [9]:

N 2
RMSE = /thlet (5)

Finally, the percentage improvement allowed by ANN
with respect to the temperature estimation by the physical
model is computed as follows:

ERRphysical"ERRANN
Agy= 2 -100 (6)
ERRPhysical

In the equation, ERRppysicar and ERRyyy are the errors
according to a certain performance metric committed by
physical and ANN-based models respectively.

V. RESULTS AND DISCUSSION

In this section, performances achieved in line temperature
estimation on the test data (hence those covering the time span
between 01/09 and 30/09) with the ANN-based and the
physical models are compared over a time horizon of 5
minutes in advance forecast. The performance of the
investigated models is computed and reported in Table II in
terms of MAE, RMSE and percentage improvement.

In 3 spans out of 4 (span 1.A-1, span 2.A-2 and span
3.B-3), it is noticeable that ANNs outperform the physical
models in terms of both MAE and RMSE. On these 3 spans,
ANNs present an average MAE lower than 1°C, while
physical models’ estimation is characterized by average MAE
values over 2°C. In terms of percentage improvement (A%),
ANNSs grant, on these 3 spans, a performance which is better
than the physical algorithm by more than 50%. The largest
improvement recorded is registered for MAE in span 2.A-2
and is equal to 73.1%. The only exception is represented by
span 4.C-4, where the corresponding ANN shows a slight
decrease in estimation accuracy in terms of MAFE and only a



small improvement in terms of RMSE. On this last line, the
performance levels achieved with ANN-based and physical
models are yet comparable.

TABLE IL.
PHYSICAL METHODS PERFORMANCE ON THE ANALYSED LINES.
MAE (°C)

Span Line-Station ANN Physical A%
1.A-1 0.59 2.12 72.1
2.A-2 0.96 3.57 73.1
3.B-3 0.55 1.52 63.9
4.C-4 1.91 1.82 -5.2

RMSE (°C)

Span Line-Station ANN Physical A%
1.A-1 0.89 2.67 66.4
2.A-2 1.39 4.41 68.5
3.B-3 0.81 2.01 59.5
4.C-4 2.12 2.46 13.7

As next step, the error distributions obtained applying
ANN-based and physical models are analyzed. From
theoretical point of view three possible types of error
distributions are depicted as example in Fig. 5. An instance
of satisfactory line temperature estimation error distribution,
presenting nearly normally distributed shape with maximum
concentration of the errors close to the zero value and with
small weights of the distribution tails, is represented by
Fig. 5(a). Fig. 5(b) depicts an error distribution which is
nearly normal but unsatisfactory due to a negative bias, hence
a constant tendency to underestimate the target value. Finally,
in Fig. 5(c), the error distribution presents large tails,
meaning that both large positive and negative error values are
observed more frequently.

@ (b) (©)

Fig. 5. Qualitative examples of error distributions: (a) Gaussian shape of
satisfactory performance, (b) Gaussian shape of a biased estimation, (c)
unsatisfactory performance

Fig. 6 depicts the error distributions obtained applying the
ANN-based and physical models to the four spans. MAE and
MBE are indicated for all the analyzed spans by a red and a
black wvertical lines respectively. The optimal error
distribution, as shown in Fig. 5(a), is especially observed for
ANNSs’ errors. Error distributions from physical models
present shapes resembling example shown in Fig. 5(c), being
quite different from a Gaussian curve. The only error
distribution matching the example case displayed in Fig. 5(b)
is constituted by span 4.C-4, where the distribution presents a
clear bias of about -2°C of error, hence the span temperature
has a constant underestimation value.

Finally, a graphical comparison is carried out in Fig. 7, where
the temperature forecasts from ANNs and physical models are
compared to the measured temperature for the test dataset. For
the sake of the representation, comparison is shown from 11
to 14 September, but similar trends can be observed on the
entire test datasets. In case of missing data, straight lines
appear on the diagrams. The represented trends confirm the
observation previously done on the error distributions and the
improvement allowed by ANNSs is visible for large regions of

the diagrams. As mentioned before, the only exception is
represented by span 4.C-4, where the performances of the two
models are more comparable.
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Fig. 6. Temperature estimation error of ANN and physical model of (a) Span
1.A 1, (b) Span 2.A 2, (c) Span 3.B 3, and (d) Span 4.C 4

VI. CONCLUSIONS

The aim of the present work is to compare two models for
line conductor temperature estimation with a 5-minutes
advance. In detail, those models are:

e ANNs (ANNs) developed with data about measured
weather conditions (wind speed, wind direction, air
temperature, solar radiation) and electrical current
(average current flow) covering a period of six months.

e the physical algorithm usually implemented and utilized
by TSOs to perform the Dynamic Thermal Rating (DTR).

The performances of these methods are compared on 4 real
Italian overhead line sections (each one with a dedicated
weather station), on a new set of data covering the period
between 01/09 and 30/09. Comparison is performed in terms
of error committed by each model when approximating the
real temperature trend. The ANN-based approach
demonstrates its superiority in terms of performance evaluated



according to specific metrics (MAE and RMSE): it grants MAE
values generally below 1°C, corresponding to a performance
improvement larger than 50% with respect to physical models,
characterized by MAFE values around 2°C.

The error distribution corresponding to ANN-based
estimations resemble a normal shape centred around O,
highlighting the quality of such temperature estimation
strategy. Over 4-line sections considered as a case study, only
one line constitutes an exception: on that line, the
performances of the two investigated methods are almost
equal, with a MAE value (obtained with ANN) equal to
1.91°C. In light of the presented results, the optimal choice to
perform a line temperature prediction with a S-minutes
forecast horizon is the approach based on ANNS, that grants
an extremely accurate and flexible estimation.
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