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Abstract
According to the literature high voltage transmission line problems are faced
using conventional analytical methods, which include in most cases
empirical and/or approximating equations. Artificial intelligence and more
specifically artificial neural networks (ANN) are addressed in this work, in
order to give accurate solutions to high voltage transmission line problems
using in the calculations only actual field data. Two different case studies are
studied, i.e., the estimation of critical flashover voltage on polluted insulators
and the estimation of lightning performance of high voltage transmission
lines. ANN models are developed and are tested on operating high voltage
transmission lines and polluted insulators, producing very satisfactory
results. These two ANN models can be used in electrical engineers’ studies
aiming at the more effective protection of high voltage equipment.
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(Some figures in this article are in colour only in the electronic version)

1. Introduction

Artificial neural network (ANN) methods have seen increased
usage in recent years in various fields such as finance,
medicine, industry and engineering due to their computational
speed, their ability to handle complex nonlinear functions,
robustness and great efficiency, even in cases where full
information for the studied problems is absent.

Many interesting ANN applications have been reported
also in power system areas, where they are widely used in short
term load forecasting, in fault classification and fault location
in transmission lines [1–3], in voltage stability analysis [4]
and in power system economic dispatch solution problems.
Furthermore the ANNs have applications in the solution of
the power flow problem, the effective distance protection
of the transmission lines [5] and the prediction of magnetic

performance of strip-wound magnetic cores [6]. Finally very
interesting ANN applications have been reported in high
voltage engineering problems such as the identification of
fault insulators using corona discharges [7], the recognition
of leakage current wave forms and their harmonic content on
several different types of polluted insulators and polymeric
surfaces [8, 9], the evaluation of lightning overvoltages in
distribution lines [10] and the lightning protection of high
voltage transmission lines [11].

In this paper, the authors have focused their study on
two different crucial high voltage transmission line problems,
which have been extensively studied in previous decades
mainly using conventional analytical methods, empirical
and/or approximating equations and simulations. These
problems are the estimation of critical flashover voltage on
polluted insulators and the estimation of lightning performance
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Figure 1. Structure of a typical artificial neural network.

of high voltage transmission lines. The authors have addressed
ANNs in order to give accurate solutions in these two problems
and satisfactory results are produced using in the calculations
only actual field data.

2. Artificial neural networks’ design

ANNs can model with great accuracy a certain problem,
utilizing the data from a learning set. This model can then be
used to estimate the output variable for given values of the input
variables without requiring certain mathematical functions, but
examples in order to be trained.

An ANN consists of a number of single units, called
neurons, bonded with weighted connections. In a successful
learning process, the weights are gradually modified in order to
give an output close to the expected. An ANN can have three
types of layers: the input layer, one or more hidden layers and
the output layer (figure 1). When creating an ANN it must
be first decided how many neurons there will be in each layer
[12]. Afterwards, the training method and the transfer function
to be used in the training process must be decided. An ANN
is usually trained with the error backpropagation algorithm,
in which the occurring errors of the output layer return in the
input layer to modify the weights. This procedure is repeated
until the occurring errors reach acceptable values.

In the present work two different ANN models have been
designed and trained using the MATLAB Neural Network
Toolbox [13], in order to estimate (a) the critical flashover volt-
age on polluted insulators and (b) the lightning performance
of high voltage transmission lines. The first ANN model, that
will estimate the critical flashover voltage, will consist of five
inputs and one output. These are the following: the maximum
diameter Dm of the insulator, its height H, the creepage distance
L on it, its form factor F and the layer conductivity σ s, while the
output variable is the critical flashover voltage Uc. The second
ANN model that will estimate the lightning performance is to
consist of four inputs and one output. These are the following:
the tower footing resistance R, the peak lightning current Ipeak,
the lightning current derivative di/dt and the keraunic level T.
For the output, the lightning failure rate NT is considered.

Varc Rp

U

Figure 2. Equivalent circuit for the evaluation of the flashover
voltage.

It must be mentioned that all the data used in the
training process of both ANN models constitute either actual
collected/measured data or estimated data based on actual
measurements. More specifically the data that concern the
insulators have been derived from experiments carried out in
an insulator test station, installed in the high voltage laboratory
of Hellenic Public Power Corporation SA’s Testing, Research
and Standards Center in Athens, Greece [14] and according
to the IEC standard 507 (1991). Apart from this set of
experimental measurements, other measurement data were
also used [15, 16]. As far as the data used in the ANN model
for the estimation of the lightning performance are concerned,
these have been supplied by the National Meteorological
Authority of Hellas (2005), the PPC SA [17] and the lightning
measurements of Berger et al [18] in Monte San Salvatore in
combination with the geographical and meteorological data of
the examined areas.

3. Case studies

Conventional analytical solutions, which include in most cases
empirical and/or approximating equations, are mainly the
tools used by researchers all over the world, in all high voltage
transmission line problems. The current work tries to solve two
of the most important high voltage transmission line problems
using an alternative approach, the ANNs.

3.1. Case I: critical flashover voltage on polluted insulators

The first case study concerns the critical flashover voltage
estimation of polluted cap and pin type insulators. The critical
flashover voltage is a significant and crucial parameter for the
reliability of power systems and that is the reason why there
are very interesting research efforts in this area.

One of the mathematical models existing in the literature
for the evaluation of the flashover process of a polluted
insulator consists of a partial arc spanning over a dry zone
and the resistance of the pollution layer in series, as shown in
figure 2, where Varc is the arcing voltage, Rp is the resistance of
the pollution layer and Ua is the stable voltage supply source.

The critical voltage Uc (in V), which is the applied voltage
across the insulator when the partial arc is developed into a
complete flashover, is given by the following formula [19]:

UC = A

n + 1
· (L + π · n · Dm · F · K)

· (π · A · Dm · σS)
−( n

n+1 ), (1)

where A and n are the arc constants. Even though the
above equation calculates effectively the critical flashover
voltage giving very good results, it constitutes an empirical
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Table 1. Line characteristics of the examined transmission lines.

NT (average T (average
lightning failures lightning level

Line Region Towers R (�) 1996–2003) 1996–2003)

Thessaloniki–Kardia I 1–195 1.93 0.63 29.80
II 196–260 8.83 1.38 25.40
III 261–305 18.24 2.00 27.20

Thessaloniki–Amideo I 1–208 5.20 1.88 29.80
II 209–249 11.40 3.63 32.50

Acheloos–Arachthos I 1–70 3.00 3.25 37.60
II 71–130 3.10 1.50 30.40
III 131–192 3.60 2.75 37.30

Kilkis–Serres I 1–46 1.99 1.00 29.45
II 47–106 4.40 3.50 28.90
III 107–162 1.78 0.88 27.20

and approximating equation. Furthermore, generally the
experiments related to the critical flashover voltage are time
consuming and they also meet obstacles, such as the high
equipment cost and the need for special equipment.

These drawbacks are attempted to be overcome in this
work, utilizing the experimental data available from the
literature , producing an effective and reliable ANN estimation
tool. The actual data, which have been used in the training,
validation and testing processes, have been derived from the
studies of Ikonomou [14], Guan [15] and Sundarajan [16].

3.2. Case II: lightning performance of transmission lines

The second case study concerns the lightning performance
estimation of high voltage transmission lines. In the
last decade, several methods based on many different
techniques such as analogue computers [20], geometrical
models [21], Monte Carlo simulation [22], travelling waves
[23] electrogeometric models [24] and many extensions and
improvements of these methods have been proposed. Their
common characteristic is that all of these methods use
empirical and/or approximating equations. The improvement
and modification of these equations, as well as the invention
of others was the aim of researchers all over the world, in
an effort to successfully and accurately estimate the lightning
performance of transmission lines of their own interest.

In this work actual field data from two 400 kV and two
150 kV operating transmission lines of the Hellenic
interconnected system are used in order the developed ANN
tool to be trained, validated and tested. These four lines
were carefully selected among others due to their high
failure rates during lightning thunderstorms and the different
characteristics that exist along their length according to the
data supplied from the National Meteorological Authority of
Hellas and the PPC SA. The line characteristics (tower footing
resistance, average lightning failures and average lightning
level) and their division into regions due to their different
characteristics are presented in table 1.

4. Training, validation and testing

Having decided the inputs and outputs of each ANN estimation
model, the next step was to define the number of hidden layers,

the number of neurons in each layer, the training method, the
transfer function and the number of epochs. The total number
of data for each input and output was 228 for the first case
study, referring to equal numbers of experimental data, while
the total number of data for the second case study was 1056,
referring to each region of the four examined transmission
lines (11 regions in total), for every individual month of an
8 year period (1996–2003). In each training iteration, for
each ANN model, 20% of random data was removed from
the training set and a validation error was calculated for these
data. The training process was repeated until a root mean
square error between the actual output and the desired output
reaches the goal of 1.0% or a maximum number of epochs
(it was set to 12 000), is accomplished. Finally, the number
of estimated data for both ANN models was checked with the
numbers obtained from situations encountered in the trainings,
and others which have not been encountered.

Four training methods were tested: the gradient descent,
the gradient descent with an adaptive learning rate, the adaptive
learning rate with momentum training and the Levenberg–
Marquardt and two transfer functions: the hyperbolic tangent
sigmoid and the logarithmic sigmoid.

For every ANN model (case studies I and II) and for each
one of these training methods a set of scenarios was taken
with an inner change of hidden layers (1 or 2) and number of
neurons in each hidden layer (2 to 25), in order to find the best
architecture for the network, i.e. the number of neurons in the
hidden layer that gives the minimum root mean square error.

After extensive simulations with all possible combinations
of transfer functions, training methods, hidden layers and
neurons in each hidden layer, it was found that the ANN
architectures: two hidden layers (16 and 21 neurons
respectively in each of them), a logarithmic sigmoid transfer
function and the Levenberg–Marquardt training method for
the first case study and one hidden layer (18 neurons), a
logarithmic sigmoid transfer function and gradient descent
with an adaptive learning rate training method for the second
case study have presented the best generalizing ability, had
a compact structure, a fast training process and consumed
lower memory than all the other tried combinations. In these
ANN models the mean square error was minimized to the
final value of 0.01 within 9582 epochs for the first case study
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Table 2. Test results of the developed ANN model for the critical flashover voltage estimation.

Dm H L C Measured Calculated ANN
No. (cm) (cm) (cm) F (mg cm−2) Uc (kV) Uc (kV) Uc (kV)

1 25.4 14.6 27.9 0.68 0.13 12.0 13.4 13.2
2 25.4 14.6 30.5 0.70 0.05 16.0 17.1 15.8
3 25.4 14.6 43.2 0.92 0.02 26.0 26.5 23.7
4 22.9 16.6 43.2 1.38 0.02 23.5 23.1 24.3
5 22.9 16.6 43.2 1.38 0.05 18.3 17.5 19.1

Table 3. Test results of the developed ANN model for the lightning performance estimation.

Lightning failures in 2004 Lightning failures in 2005

Using conventional Using conventional
No. Line Recorded method Using ANN Recorded method Using ANN

1 Thessaloniki–Kardia 6.00 6.39 5.68 4.00 4.67 3.86
2 Thessaloniki–Amideo 7.00 7.72 7.34 6.00 5.63 5.44
3 Acheloos–Arachthos 6.00 5.59 6.11 5.00 4.01 5.27
4 Kilkis–Serres 4.00 4.12 4.38 6.00 5.84 5.85
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Figure 3. Relative error for the critical flashover voltage between
measured and ANN calculated values.

and to the value of 0.01 within 10 375 epochs for the second
case study.

5. Results

The trained ANN model for the estimation of the critical
flashover voltage has been applied to polluted insulators and
the produced results have been compared to actual critical
flashover values measured during experiments for the same
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Figure 4. Relative error for the lightning failures between actual − conventional calculated values and actual − ANN calculated values for
the year 2004.

insulators and to the calculated results produced by the use
of equation (1) (table 2). The second trained ANN model
for the estimation of high voltage transmission lines has been
applied to the same four transmission lines used for the training
process, but for the years 2004 and 2005, and the results
have been compared to the results obtained according to the
conventional method [25] and real records of the outage rate
supplied from PPC SA [17] (table 3).

It is obvious that the results obtained according to the
proposed ANN methods are very close to the measured ones
and the calculated ones (using equation (1)) for case study I and
the actual ones and the calculated ones (using the conventional
method) for case study II, something which clearly implies that
the proposed ANN method and the proposed ANN models
are well working and have an acceptable accuracy. Figure 3
presents the percentage absolute error for the critical flashover
voltage between the measured and ANN calculated values.
Figures 4 and 5 present the percentage absolute error for the
lightning failures between actual − conventional calculated
values and actual − ANN calculated values for years 2004
and 2005, respectively.

It must be mentioned that the two developed ANN models
can be applied to any high voltage polluted insulator and
high voltage transmission line with similar characteristics to
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Figure 5. Relative error for the lightning failures between actual − conventional calculated values and actual − ANN calculated values for
the year 2005.

those of the Hellenic transmission system. For another high
voltage transmission system with different characteristics, we
absolutely require retraining, revalidation and retesting of the
ANN models using the measured/actual field data of the new
transmission system.

6. Conclusions

In this work artificial intelligence and more specifically
artificial neural networks are addressed in order to give
accurate and reliable solutions to high voltage transmission
line problems faced up-to-date using conventional analytical
methods and simulations. The models have been applied
to real, significant high voltage transmission line problems
(estimation of critical flashover voltage on polluted insulators
and lightning performance estimation of transmission lines),
giving very satisfactory results. The efficient and economic
implementation of the ANNs with today’s computer
technology, the use of only actual data in the calculations and
the avoidance of empirical and/or approximating equations
mean they constitute alternative attractive tools to the
conventional analytical methods. The two developed ANN
models can be used in the Hellenic electrical engineers’
studies, aiming at the more effective protection of Hellenic
high voltage equipment.
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