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bstract

Feed-forward (FF) artificial neural networks (ANN) and radial basis function (RBF) ANN methods were addressed for evaluating the lightning
erformance of high voltage transmission lines. Several structures, learning algorithms and transfer functions were tested in order to produce a
odel with the best generalizing ability. Actual input and output data, collected from operating Hellenic high voltage transmission lines, as well

s simulated output data were used in the training, validation and testing process. The aims of the paper are to describe in detail and compare the
roposed FF and RBF ANN models, to state their advantages and disadvantages and to present results obtained by their application on operating
ellenic transmission lines of 150 kV and 400 kV. The ANN results are also compared with results obtained using conventional methods and real
ecords of outage rate showing a quite satisfactory agreement. The proposed ANN methods can be used by electric power utilities as useful tools
or the design of electric power systems, alternative to the conventional analytical methods.

2006 Elsevier B.V. All rights reserved.
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. Introduction

Protecting overhead high voltage transmission lines from
ightning strokes is one of the most important task to safeguard
lectric power systems. In order to achieve this effectively, the
ightning performance of the lines has to be evaluated accurately.
ver the last decades several studies have been conducted and
any methodologies have been proposed in the technical lit-

rature in an effort to estimate the lightning performance of
ransmission lines and consequently to improve the performance
f power systems. Clayton and Young [1] were from the first
esearchers, who tried to estimate the lightning performance of
ransmission lines introducing an analogue computer method,
ased on generalized estimating curves. Anderson [2], followed

y Bouquegneau, Dubois and Trekat [3] and many others, tried
o solve the same problem using Monte-Carlo simulation tech-
iques. Significant was also the study of Fisher, Anderson
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nd Hagenguth [4], where measurements made on geometri-
al models of the Ohio Valley Electric Corporation’s 345 kV
ransmission towers (small-scale models), agreed well with the
alculations of Lundholm, Finn and Price [5], which have been
ased on the electromagnetic field theory and Maxwell’s equa-
ions. Travelling wave method was introduced from Bewley [6],
n order to calculate overvoltages on transmission line towers,
hile electrogeometric model, the technique used to determine

he target point of a lightning stroke, was extensively studied by
riksson [7], Rizk [8] and many others.

According to the pre-mentioned methodologies software
ools have been developed to facilitate all the necessary and com-
lex calculations [9–11], while today’s technology offers several
imulation packages [12,13], which can model and represent
raphically the transmission lines, lightning and overvoltages in
n effort to estimate the lightning performance.

In the recent years ANN have attracted much attention and

any interesting ANN applications have been reported in power

ystem areas [14–26], due to their computational speed, the abil-
ty to handle complex non-linear functions, robustness and great
fficiency, even in cases where full information for the stud-
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ed problem is absent. ANN are widely used in short term load
orecasting [14], in fault classification and fault location in trans-
ission lines [15–18], in voltage stability analysis [19], in power

ystem economic dispatch solution problems and in power sys-
em stabilizer design [14]. Furthermore the ANNs present to
ave applications in the solution of the power flow problem
20], to the effective distance protection of the transmission lines
21,22], to the prediction of high voltage insulators’ flashover
23] and to the calculation of insulators’ surface contamination
nder various meteorological conditions [24]. Finally studies,
hich are using ANNs, have been presented for the evaluation
f lightning overvoltages in distributions lines [25] and for the
rotection of high voltage transmission lines [26].

In this paper, two ANN methods, the feed-forward (FF)
ethod and the radial basis function method (RBF), are used

o identify the lightning performance of high voltage transmis-
ion lines. Each method has been tested by developing several
odels with different structures, learning algorithms and trans-

er functions in order the best generalizing ability to be achieved.
ctual input and output data, collected from operating Hellenic
igh voltage transmission lines, as well as simulated output data
ere used in the training, validation and testing process.
The developed FF and RBF ANN models are applied on oper-

ting Hellenic transmission lines of 150 kV and 400 kV in order
o validate their accuracy and the obtained results are compared
ith these produced using conventional methods and with real

ecords of outage rate. Finally a comparison between the FF
NN method and the RBF ANN method is performed stating

learly the advantages and disadvantages of each method.

. Previous research

The keraunic level, defined as the average number of days
er year on which thunder is heard, can be evaluated either from
sokeraunic maps or from daily weather records being obtained
rom ground based-observations. Using the keraunic level, the
round flash density, as well as an approximation to the number
f flashes to earth, that intercepted by a transmission line, are
alculated using the following equations [9,10]:

g = 0.04 × T 1.25 (1)

L = 0.004 × T 1.35 × (g + 4 × H1.09) (2)

here Ng is the ground flash density, flashes per km2 per year,
L is the number of lightning flashes to a line per 100 km per
ear, T is the yearly keraunic level in the vicinity of the line in
hunderstorm days per year, H is the average height in m of the
hielding wires and g is the horizontal spacing in m, between
he shielding wires.

The total lightning failure rate NT (number of failures per
ear) of a transmission line, or the outage rate, is the arithmetic
um of the shielding failure rate NSF and the backflashover fail-
re rate NBF
T = NSF + NBF (3)

Shielding failure rate NSF is associated to a required mini-
um current Imin to cause a line insulation flashover [10]. NSF

f
n
a
l
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s defined as follows:

SF = 2 × Ng × lline

10
×
∫ Imax

Imin

DC × f (I) dI (4)

here f(I) is the probability density function of the peak current
agnitude of lightning strokes, lline is the line length in km, DC

s the shielding failure exposure distance, which is a function
f the of the peak current magnitude of lightning strokes, Imax
s the maximum lightning current in kA, Imin is the minimum
urrent equal to 2Ua/Zsurge [10], Ua is the insulation level of
he transmission line in kV, Zsurge is the conductor line surge
mpedance under corona equal to 60

√
ln(4hC/d) × ln(4hC/D)

9], hC is the conductor height at the tower in m, d is the equiva-
ent conductor diameter without corona and D is the equivalent
onductor diameter with corona.

Backflashover failure rate NBF is estimated for transmission
ines, according to the method presented in [27] and [28]. NBF
s defined as follows:

BF = NL ×
∫ ∞

0
P(δ) dδ (5)

here P(δ) is the probability distribution function of the random
ariable δ, δ is a function of the two random variables Ipeak and
i/dt as shown in the following relation:(

Ipeak,
di

dt

)
= R × Ipeak

2
− 0.85 × Ua + L × di

dt
(6)

ith δ greater than zero when there is backflashover, R is the
ower footing resistance in �, L is the total equivalent induc-
ance of the system (tower and grounding system’s inductance)
n �H, calculated according to the simplified method presented
n [9], di/dt is a random variable denoting the lightning current
erivative (current steepness) in kA/�s and Ipeak is a random
ariable denoting the peak lightning current in kA.

Tower footing resistance can be calculated, either for uniform
r two-layer soil, through Eqs. (7) and (8) respectively [30]

= ρ

4
×
√

π

4
+ ρ

l
(7)

= 1.6 × ρ2

P
+ 0.6 × ρ1

l
+ ρ1 × n

A
(8)

here ρ, ρ1, ρ2 with ρ1 ≥ ρ2 are soil resistivities in �-m, mea-
ured according to Wenner’s method [31], A is the area occupied
y the grid in m2, n is the depth of the upper soil layer in m, P is
he grid perimeter in m and l is the total length of grid conductors
n m.

. Artificial neural networks

.1. Feed-forward (FF) neural networks

A typical three-layer FF ANN is presented in Fig. 1, having

our inputs and three outputs with each node to represent a single
euron. The name feed-forward implies that the flow is one way
nd there are not feedback paths between neurons. The initial
ayer where the inputs come into the ANN is called the input
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Table 1
ANN architectures

No. Input variables Output Variables

Case I
Actual input
data/actual
output data

Tower footing
resistance R

Total lightning failure NT

Peak lightning
current Ipeak

Lightning current
derivative di/dt
Keraunic level T

Case II
Actual input
data/simulated
output data

Tower footing
resistance R

Shielding failure NSF

Peak lightning
current Ipeak

backflashover failure NBF

Lightning current
derivative di/dt
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Fig. 1. Structure of a three-layer feed-forward neural network.

ayer and the last layer where the outputs come out of the ANN,
s denoted as the output layer. All other layers between them are
alled hidden layers.

Each neuron can be modelled as shown in Fig. 2, with n being
he number of inputs to the neuron. Associated with each of the
inputs xi are some adjustable scalar weights wi (i = 1, 2, . . ., n),
hich multiply that inputs. In addition, an adjustable bias value,
, can be added to the summed scaled inputs. These combined
nputs are then fed into an activation function, which produces
he output y of the neuron, that is

= k

(
n∑

i=1

wixi + b

)
(9)

here k is a hyperbolic tangent sigmoid k(u) = (eu − e−u)
eu + e−u)−1 or logarithmic sigmoid function k(u) = (1 + e−u)−1.

.2. Radial basis function (RBF) neural networks

The architecture of a RBF neural network involves three dif-
erent layers. The first layer consists of the input nodes. The
econd layer (hidden layer) is composed of the so-called ker-
el nodes whose functions are local functions and the range of

heir effects is determined by their centre and width. The third
ayer consists of the output nodes, which simply compute the

Fig. 2. A single artificial neuron.
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Keraunic level T

eighted sum of the hidden node outputs

i(X) =
q∑

j=1

Φj(||X − Cj||)θji, 1 ≤ i ≤ q (10)

here q is the output dimension of the network, X is the input
ector, Cj is the centre of the qth unit, ||·|| denotes the Euclidean
orm, θji is the width of the qth unit and Φ(·) is a radially sym-
etric function whose output is maximum at the center and

ecreases rapidly to zero as the input’s distance from the center
ncreases.

The design and training of an RBF network consists of: the
etermination of how many kernel functions to use, the calcula-
ion of their centres and width and finally the calculation of the
eights that connect them to the output node.

. Design of neural networks

.1. Neural networks architecture

The goal is to develop a neural network architecture that could
dentify the lightning performance of high voltage transmission
ines. Four parameters that play important role to the lightning
ailure rate of a transmission line were selected as the inputs to
he neural network. These are: the tower footing resistance R,
he peak lightning current Ipeak, the lightning current derivative
current steepness) di/dt and the keraunic level T. These data
onstitute either actual collected data or estimated data based
n actual measurements. As far concerning the outputs, the use

f one or two output parameters, denotes two cases with two
ifferent neural network architectures. In case I, the single output
efers to the total lightning failure rate NT and constitute actual
ollected data, while in case II, the two outputs refer to the
hielding failure rate NSF and the backflashover failure rate NBF
nd constitute simulation data (Table 1).
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Fig. 3. The towers of the analyzed 150

.2. Characteristics of the examined transmission lines

The ANN methods presented in this paper have been imple-
ented and tested on 150 kV and 400 kV operating transmission

ines of the Hellenic interconnected system. These lines were
elected due to their high failure rates during lightning thunder-
torms [29].

The first line called Arachthos–Acheloos is a 150 kV line

aving a length of 70.300 km. It comprises a three phase double
ircuit with one shielding wire (Fig. 3a). The line has got 192
owers with an average span of 370 m. The insulation level Uα

l
w

able 2
ine parameters of the examined transmission lines [29,32]

ine Region Towers R (�) (average regional
value)

rachthos–Acheloos I 1–70 3.00
II 71–130 3.12
III 131–192 3.56

hessaloniki–Kardia I 1–195 1.93
II 196–260 8.83
III 261–305 18.24

ilkis–Serres I 1–46 1.99
II 47–106 4.40
III 107–162 1.78
d 400 kV Hellenic transmission lines.

f the line is 750 kV and the phase conductor dimensions are
CSR 636 MCM.

The second line called Thessaloniki-Kardia is a 400 kV line
aving a length of 109.908 km. It comprises a three phase double
ircuit, with two shielding wires (Fig. 3b). The line has got 305
owers with an average span of 360 m. The line’s insulation level
α is 1550 kV and the phase conductor dimensions are ACSR
54 MCM.
The third line called Kilkis–Serres is a 150 kV line having a
ength of 58.068 km. It comprises a three phase single circuit,
ith two shielding wires (Fig. 3c). The line has got 162 towers

NT (average lightning
failures 1996–2000)

T (thunderstorm days/year) (average
keraunic level 1996–2000)

1.40 44.8
1.40 40.7
1.60 41.3

0.40 32.2
1.20 29.6
1.80 30.4

0.60 31.8
1.80 29.2
0.80 27.7
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ith an average span of 358 m. The line’s insulation level Uα

s 750 kV and the phase conductor dimensions are ACSR 336.4
CM.
Each one of these three transmission lines are divided into

hree regions, due to the different meteorological conditions and
he different average values of tower footing resistance, which
xist in each one region. The regions and the different parame-
ers that exist in each one of these three lines are presented in
able 2.

.3. Derivation of training, validation and test data

All the input data used in the proposed neural networks were
ctual collected data or estimated data based on actual mea-
urements. More specifically, the keraunic level T has been
upplied from the National Meteorological Authority of Hel-
as [32], while the tower footing resistance R, has been esti-

ated using the geometric characteristics of the grounding grid
nd actual measurements of the resistivity of the soil [29,33].
inally, the peak lightning current Ipeak and the lightning cur-
ent derivative (current steepness) di/dt, were estimated using
he statistical lightning parameters distributions presented by
erger and the typical return-stroke current waveform that he
as recorded [34,35], in combination with the geographical and
eteorological data of the examined area. As far concerning

he output data, the total lightning failure rate NT, in case I,
ere actual collected data provided from the Hellenic Public
ower Corporation S.A. [29], while the output data in case
I, the shielding failure rate NSF and the backflashover failure
ate NBF, were generated from a simulation software program
28].

Five hundred forty values of each input and output data, refer-
ing to every one region of the examined transmission lines
nine regions) for every individual month of a 5-year period
1996–2000), were used to train and validate the neural network
odels. In each training iteration 10% of random samples were
emoved from the training set and validation error was calculated
or these data. This technique, known as m-fold cross-validation
echnique [36], avoids over-fitting. An additional year data were
sed for test purposes.

o
u
t
o

able 3
esigned ANN models

ase ANN methods Structure (neurons in each layer

FF 4/5/5/1
4/10/10/1
4/10/20/1
4/10/5/10/1
4/10/20/10/1

RBF 4/525/1

I FF 4/5/5/2
4/10/10/2
4/10/20/2
4/10/5/10/2
4/10/20/10/2

RBF 4/525/2
stems Research 77 (2007) 55–63 59

.4. Feed-forward and radial basis function ANN designed
odels

In order to address the evaluation of the transmission lines’
ightning performance two different neural network methods
ere used and two different cases were considered. As it is
entioned earlier, the two cases refer in the use of actual or

imulated output data, while the methods, which were consid-
red, were the feed-forward and the radial basis function neural
etwork methods.

Each ANN model is determined according to its structure,
he transfer function and the learning rule, which are used in an
ffort the network to learn the fundamental characteristics of the
xamined problem. The learning rules and the transfer functions
re used to adjust the weights and biases of networks in order
o minimize the network’s sum squared error. The structure of
he networks i.e. the number of hidden layers and the number
f nodes in each hidden layer, is generally decided by trying
aried combinations for selecting the structure with the best
eneralizing ability amongst the tried combinations, considering
hat one hidden layer is adequate to distinguish input data that
re linearly separable, whereas extra layers can accomplish non-
inear separations [37]. This approach was followed, since the
election of an optimal number of hidden layers and nodes for
FF network is still an open issue, although some papers have
een published in these areas.

The designed and tested FF ANN models were combina-
ions of two learning algorithms, two transfer functions and
ve different structures selected among others due to their best
eneralizing ability in comparison with the all other tried combi-
ations. The used learning algorithms were the gradient descent
nd the Levenberg–Marquardt, while the transfer functions were
he hyperbolic tangent sigmoid and the logarithmic sigmoid
Table 3).

Radial basis function neural networks are three layer net-
orks. Each node of the hidden layer of RBF corresponded to

ne basis function center. In this study, as kernel function was
sed the Gaussian function. Bias, which determined the size of
he receptive field, was a free parameter. The weights in the
utput layer were derived using the least square error learn-

) Learning algorithm Transfer function

Gradient descent Hyperbolic sigmoid
Levenberg–Marquardt Logarithmic sigmoid

Least squares Gaussian

Gradient descent Hyperbolic sigmoid
Levenberg–Marquardt Logarithmic sigmoid

Least squares Gaussian
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Table 4
Training data of the designed ANN models for case I

No. Structure Epochs Train error Validation
error (%)

FF ANN – gradient descent – hyperbolic sigmoid
1 4/5/5/1 2351 0.010 16.531
2 4/10/10/1 2724 0.010 9.714
3 4/10/20/1 1371 0.010 9.786
4 4/10/5/10/1 2945 0.010 5.368
5 4/10/20/10/1 3000 0.011 6.491

FF ANN – Levenberg–Marquardt – hyperbolic sigmoid
6 4/5/5/1 2050 0.010 15.550
7 4/10/10/1 2207 0.010 8.494
8 4/10/20/1 883 0.010 7.136
9 4/10/5/10/1 2347 0.010 5.198

10 4/10/20/10/1 2003 0.010 7.018

FF ANN – gradient descent – logarithmic sigmoid
11 4/5/5/1 3000 0.062 39.561
12 4/10/10/1 3000 0.063 29.807
13 4/10/20/1 3000 0.050 20.233
14 4/10/5/10/1 3000 0.075 30.377
15 4/10/20/10/1 3000 0.081 21.456

FF ANN – Levenberg–Marquardt – logarithmic sigmoid
16 4/5/5/1 – – –
17 4/10/10/1 3000 0.023 15.204
18 4/10/20/1 2901 0.010 8.151
19 4/10/5/10/1 3000 0.016 9.239
20 4/10/20/10/1 3000 0.021 12.715

RBF ANN – least square error – Gaussian
2
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Table 5
Training data of the designed ANN models for Case II

No. Structure Epochs Train error Validation error

NSF (%) NBF (%)

FF ANN – gradient descent – hyperbolic sigmoid
1 4/5/5/2 3000 0.077 11.034 12.934
2 4/10/10/2 3000 0.035 9.908 7.277
3 4/10/20/2 3000 0.028 4.557 6.273
4 4/10/5/10/2 3000 0.017 5.414 6.011
5 4/10/20/10/2 3000 0.013 5.011 7.035

FF ANN – Levenberg–Marquardt – hyperbolic sigmoid
6 4/5/5/2 – – – –
7 4/10/10/2 1070 0.010 4.722 3.386
8 4/10/20/2 2086 0.010 4.146 3.292
9 4/10/5/10/2 1950 0.010 5.014 4.999

10 4/10/20/10/2 1870 0.010 5.015 5.019

FF ANN – gradient descent – logarithmic sigmoid
11 4/5/5/2 3000 0.032 17.012 21.312
12 4/10/10/2 3000 0.027 18.012 21.781
13 4/10/20/2 3000 0.035 22.014 18.142
14 4/10/5/10/2 3000 0.029 25.124 18.414
15 4/10/20/10/2 3000 0.027 31.567 24.144

FF ANN – Levenberg–Marquardt – logarithmic sigmoid
16 4/5/5/2 3000 0.027 9.012 14.125
17 4/10/10/2 2950 0.010 12.011 13.123
18 4/10/20/2 3000 0.018 13..012 12.023
19 4/10/5/10/2 3000 0.017 15.781 18.012
20 4/10/20/10/2 3000 0.018 22.341 19.157

R
2

5
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–
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4

I
t
y
(
m
t
m

t
as well as the results obtained according to the simulation soft-
1 4/525/1 525 0 4.347

ng algorithm. At each epoch (iteration), centers were added
ynamically until desired minimum square error was achieved.
owever, performance of the RBF neural network model crit-

cally depended upon the chosen centers, which may require
n unnecessarily large RBF network to obtain a given level of
ccuracy and cause numerical ill conditioning (Table 3).

The training process is repeated until the root mean square
rror between the actual (case I)/simulated (case II) output
nd the desired output reaches the goal of 1% or a maximum
umber of epochs (iterations), (it was set to 3000), is accom-
lished. Finally, the number of the estimated lightning failures
f the examined transmission line was validated with the num-
er obtained from situations encountered in the training, i.e. the
-year period, and others which have not been encountered.

Table 4 presents the training data of all designed ANN models
or case I, where the output i.e. the total lightning failure rate NT,
onstitute actual data, while Table 5 presents the training data
f all designed ANN models for case II, where the two outputs
.e. shielding NSF and backflashover NBF failure rate, constitute
imulation data.

It must be mentioned that although in [38] it is proved that
ny non-linear function can be approximated by a feed-forward
eural network with one hidden layer without any minimum

onvergence time guarantee, in this work ANN with more than
ne hidden layers are examined to study the convergence rate for
he particular problem of the lightning performance evaluation.

w
a
p

BF ANN – least square error – Gaussian
1 4/525/2 525 0 3.915 6.083

. Test results

In order to evaluate the lightning performance of the exam-
ned Hellenic high voltage transmission lines, it was selected
nd used from the designed ANN models the model, which pre-
ented the best generalising ability, had a compact structure, a
ast training process and consumed low memory. According to
he training data presented in Tables 4 and 5 the ANN model
hat had been selected to be applied in the examined transmis-
ion lines for case I was No. 9 (FF ANN – Levenberg–Marquardt
hyperbolic sigmoid – 4/10/5/10/1), while for case II was No.
(FF ANN – Levenberg–Marquardt – logarithmic sigmoid –

/10/20/2).
Both models (model No. 9 for case I and model No. 8 for case

I) were applied three times to each one of the three examined
ransmission lines in order to evaluate the lightning failures for
ears 2001, 2002 and 2003. Thirty six values of each input data
actual collected data or estimated data based on actual measure-
ents corresponding to the examined year) were introduced to

he models referring to every one region of the examined trans-
ission line for every individual month of the examined year.
In Table 6 are presented the recorded lightning failures [29] of

he examined transmission lines for years 2001, 2002 and 2003,
are program [28] and these obtained according to the proposed
rtificial neural network model for case I. Similarly Table 7
resents the shielding failure rate NSF and backflashover fail-
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Table 6
Test results of the designed ANN model for Case I

Case I Line I Arachthos–Acheloos Line II Thessaloniki-Kardia Line III Kilkis–Serres

Year Recorded
lightning
failures

Lightning failures
using simulation
method

Lightning failures
using ANN model

Recorded
lightning
failures

Lightning failures
using simulation
methods

Lightning failures
using ANN model

Recorded
lightning
failures

Lightning failures
using simulation
methods

Lightning failures
using ANN model

2001 4.00 3.82 3.91 6.00 5.54 6.12 5.00 4.41 4.98
2002 5.00 4.76 5.13 4.00 4.47 4.18 3.00 2.68 2.89
2003 5.00 4.79 5.09 7.00 7.22 6.90 5.00 4.82 4.91

Table 7
Test results of the designed ANN model for case II

Case II Line I Arachthos–Acheloos Line II Thessaloniki–Kardia Line III Kilkis–Serres

Year Lightning failures using
simulation methods

Lightning failures using
ANN model

Lightning failures using
simulation methods

Lightning failures using
ANN Model

Lightning failures using
simulation methods

Lightning failures using
ANN model

NSF NBF NSF NBF NSF NBF NSF NBF NSF NBF NSF NBF

2001 3.09 0.73 2.91 0.78 0.82 4.72 0.83 4.79 3.15 1.26 3.21 1.13
2002 3.14 1.62 3.71 1.67 0.56 3.91 0.62 3.88 2.14 0.54 2.17 0.51
2003 3.21 1.58 3.33 1.41 1.38 5.84 1.19 6.01 4.16 0.66 4.34 0.65
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re rate NBF of the examined transmission lines for years 2001,
002 and 2003, calculated according to the simulation software
rogram [28] and the proposed artificial neural network model
or case II.

It is obvious that the results obtained according to the pro-
osed ANN methods are very close to the actual ones and the
esults obtained according to the the simulation software pro-
ram, something which clearly implies that the proposed ANN
odel is well working and has an acceptable accuracy.

. Comparison of the FF and the RBF ANN methods

The use of the FF and RBF ANN methods, in the design of
he proposed ANN models for evaluating the lightning perfor-
ance of high voltage transmission lines gave the opportunity

or a comparison between the two methods, summarizing the
dvantages and disadvantages of each one of them.

FF ANN method can provide compact distributed represen-
ations of complex data sets, finding a relative solution. It is
onsidered fast method and present small errors during valida-
ion process. As a drawback must be mentioned the lack of an
xact rule for setting the numbers of neurons and layers for best
erformance and that there is not an exact match to the training
ata.

RBF ANN method achieves exact matching between input
nd output data especially when there is an adequate large num-
er of training data. On the other hand it converges to a quite
arge number of neurons having as a result the creation of large
etworks. Furthermore it requires a lot of memory and process-
ng time, while the errors which appear in the validation and test
ata can not be considered insignificant.

. Conclusions

The paper describes in detail the design of artificial neural net-
ork models in order to evaluate the lightning performance of
igh voltage transmission lines. Although several conventional
nalytical methods are published in the technical literature,
hich describe satisfactory the lightning performance of high
oltage transmission lines, most of them are based on empiri-
al and approximating equations. In contrast to these methods,
he proposed ANN method is only using actual input and actual
r simulated output line data in its calculations, something that
learly presents its main advantage. Moreover the efficient and
conomic implementation of the ANN method with today’s
omputer technology, constitute it as an alternative attractive
ool. The only drawback that the proposed method presents is
hat the trained ANN model, which results from the application
f the method, can be applied to transmission lines with simi-
ar characteristics with these lines, which have been used in the
raining, validation and testing procedure.

In this paper, the feed-forward and the radial basis function
NN methods where considered, using several different learn-
ng algorithms, transfer functions and structures in an effort the
roblem to be represented accurately. Neural network models
ere trained and tested and these which presented the best gen-

ralising ability, had a compact structure, a fast training process

[

stems Research 77 (2007) 55–63

nd consumed lower memory, have been selected and applied on
hree operating Hellenic transmission lines of 150 and 400 kV
iving results very close to the actual ones and similar to these
f other simulation methods. Finally a comparison between the
wo neural network methods was presented, stating clearly their
dvantages and disadvantages. The proposed ANN method can
e used by electric power utilities as a useful alternative tool for
he design of electric power systems.

cknowledgements

The authors want to express their gratitude to the Hellenic
ublic Power Corporation S.A. for the supply of various tech-
ical data and the National Meteorological Authority of Hellas
or the supply of meteorological data.

eferences

[1] J.M. Clayton, F.S. Young, Estimating lightning performance of transmis-
sion lines, IEEE Trans. PAS 83 (1964) 1102–1110.

[2] J.G. Anderson, Monte Carlo computer calculation of transmission-line
lightning performance, AIEE Trans. 80 (1961) 414–420.

[3] C. Bouquegneau, M. Dubois, J. Trekat, Probabilistic analysis of the light-
ning performance of high-voltage transmission lines, J. Electr. Power Syst.
Res. 102 (1–2) (1986) 5–18.

[4] F.A. Fisher, J.G. Anderson, J.H. Hagenguth, Determination of lightning
response of transmission lines by means of geometrical models, AIEE
Trans. PAS 78 (1960) 1725–1736.

[5] R. Lundholm, R.B. Finn, W.S. Price, Calculation of transmission line
lightning voltages by field concepts, AIEE Trans. PAS 77 (1958)
1271–1283.

[6] L.V. Bewley, Travelling waves on transmission systems, 2nd ed., John
Wiley and Sons, Inc., NY, 1951.

[7] A.J. Eriksson, An improved electrogeometric model for transmission line
shielding analysis, IEEE Trans. PWRD 2 (1987) 871–886.

[8] F.A.M. Rizk, Modelling of transmission line exposure to direct lightning
strokes, IEEE Trans. PWRD 5 (4) (1990) 1983–1997.

[9] IEEE, Working Group on Lightning Performance of Transmission, Lines
A simplified method for estimating lightning performance of transmission
lines, IEEE Trans. PAS 104 (4) (1985) 919–927.

10] IEEE, Working Group on Estimating the Lightning Performance of
Transmission, Lines Estimating lightning performance of transmission
lines. II. Updates to analytical models, IEEE Trans. PAS 8 (3) (1993)
1254–1267.

11] H. Torres, M. Vargas, J. Herrera, E. Perez, C. Younes, L. Gallero, J. Mon-
tana, M.T. Correia de Barros, Comparative study of two methodologies for
evaluating the lightning performance of transmission lines applied in trop-
ical zone, in: International Conference on Lightning Protection, Cracow,
Poland, 2002.

12] L.A. Kraft, Modelling lightning performance of transmission systems using
PSpice, IEEE Trans. Power Syst. 6 (2) (1991) 543–549.

13] J.A. Martinez, F. Castro-Aranda, Lightning performance analysis of over-
head transmission lines using the EMTP, IEEE Trans. PWRD 20 (3) (2005)
294–300.

14] R. Aggarwal, Y. Song, Artificial neural networks in power systems. III.
Examples of applications in power systems, Power Eng. J. 12 (6) (1998)
279–287.

15] R.N. Mahanty, P.B.D. Gupta, Application of RBF neural network to fault

classification and location in transmission lines, IEE Proc-Gen. Trans. Distr.
151 (2) (2004) 201–212.

16] W.-M. Lin, C.-D. Yang, J.-H. Lin, M.-T. Tsay, A fault classification method
by RBF neural network with OLS learning procedure, IEEE Trans. PWRD
16 (4) (2001) 473–477.



er Sy

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[
[

[

[

[

[

[

t
r

L. Ekonomou et al. / Electric Pow

17] S. Vasilic, M. Kezunovic, An improved neural network algorithm for clas-
sifying the transmission line faults, Power Eng. Society Winter Meet. 2
(2002) 918–923.

18] G. Gardoso, J.G. Rolim, H.H. Zurn, Application of neural-network modules
to electric power system fault section estimation, IEEE Trans. PWRD 19
(3) (2004) 1034–1041.

19] H.P. Schmidt, Application of artificial neural networks to the dynamic anal-
ysis of the voltage stability problem, IEE Proc-Gen. Trans. Distr. 144 (6)
(1997) 371–376.

20] V.L. Paucar, M.J. Rider, Artificial neural networks for solving the power
flow problem in electric power systems, J. Electr. Power Syst. Res. 62
(2002) 139–144.

21] P.K. Dash, A.K. Pradhan, G. Panda, Application of minimal radial basis
function neural network to distance protection, IEEE Trans. PWRD 16 (1)
(2001) 68–74.

22] D.V. Coury, D.C. Jorge, Artificial neural network approach to distance
protection of transmission lines, IEEE Trans. PWRD 13 (1) (1988)
102–108.

23] P. Cline, W. Lannes, G. Richards, Use of pollution monitors with a neural
network to predict insulator flashover, J. Electr. Power Syst. Res. 42 (1997)
27–33.

24] A.S. Ahmad, P.S. Ghosh, S.A.K. Aljunid, H.A.I. Said, H. Hussain, “Artifi-
cial neural network for contamination severity assessment of high voltage
insulators under various meteorological conditions”, AUPEC, Perth, 2001.

25] J.A. Martinez, F. Gonzalez-Molina, Statistical evaluation of lightning over-
voltages on overhead distribution lines using neural networks, Power Eng.
Society Winter Meet. 3 (2001) 1133–1138.

26] T.S. Sidhu, H. Singh, M.S. Sachdev, Design, implementation and test-
ing of an artificial neural network based fault direction discrimination
for protecting transmission lines, IEEE Trans. PWRD 10 (2) (1995)
697–706.

27] I.F. Gonos, L. Ekonomou, F.V. Topalis, I.A. Stathopulos, Probability of
backflashover in transmission lines due to lightning strokes using Monte
Carlo simulation, Int. J. Electr. Power Ener. Syst. 25 (2) (2003) 107–111.

28] L. Ekonomou, I.F. Gonos, I.A. Stathopulos, F.V. Topalis, “Lightning perfor-
mance evaluation of Hellenic high voltage transmission lines”, ISH 2003.
Delft, 2003.

29] PPC S.A., “Transmission lines characteristics”, Hellenic Public Power Cor-
poration S.A., Athens, 2004.

30] J. Nahman, D. Salamon, Analytical expressions for the resistance of
grounding grids in non-uniform soil, IEEE Trans. PAS 103 (4.) (1984).

31] IEEE Std 81-1983, “IEEE guide for measuring earth resistivity, ground
impedance, and earth surface potentials of a ground system”, 1983.

32] Data supplied from the National Meteorological Authority of Hellas, 2004.
33] I.F. Gonos, “Transient behavior of grounding system”, PhD Thesis,

National Technical University of Athens, Greece, 2002.
34] K. Berger, R.B. Anderson, H. Kroninger, Parameters of lightning flashes,

Electra 41 (1975) 23–37.
35] R.B. Anderson, A.J. Eriksson, Lightning parameters of engineering appli-
cations, Electra 69 (1980) 65–102.
36] T. Scheffer, T. Joachims, “Expected error analysis for model selection”,

International Conference on Machine Learning, 1999.
37] R. Lippmann, An introduction to computing with neural nets”, IEEE ASSP

Mag. 4 (2) (1987) 4–22.

P
a
f

stems Research 77 (2007) 55–63 63

38] K. Hornik, Some new results on neural network approximation”, Neural
Networks 6 (8) (1993) 1069–1072.

Lambros Ekonomou was born on January 9, 1976 in
Athens, Greece. He received a Bachelor of Engineer-
ing (Hons) in Electrical Engineering and Electronics in
1997 and a Master of Science in Advanced Control in
1998 from University of Manchester Institute of Sci-
ence and Technology (U.M.I.S.T.) in United Kingdom.
Since 2000 he is a Ph.D. student and a research asso-
ciate in the National Technical University of Athens
(N.T.U.A.) in Greece, while he is also working in the
Hellenic Public Power Corporation S.A. as an electri-
cal engineer. His research interests concern high voltage

ransmission lines, lightning performance, lightning protection and artificial neu-
al networks.

Ioannis F. Gonos received his diploma in Electrical
Engineering and his Ph.D. from the National Technical
University of Athens in 1993 and 2002, respectively. He
was a teaching assistant at the Greek Naval Academy
and the Technological Education Institute of Athens
(1996–2001). He is working at the High Voltage Lab-
oratory of NTUA (since 2001). His research interests
concern grounding systems, insulators, high voltages,
measurements and genetic algorithms. He is member
of IEEE, IEE and CIGRE.

Dimitris P. Iracleous received his Diploma in Electri-
cal Engineering and Ph.D. degree from University of
Patras in 1993 and 1999, respectively. He is a teach-
ing assistant at the Greek Naval Academy. His research
interests concern optimization control algorithms and
techniques in static and dynamic systems.

Ioannis A. Stathopulos studied in the Faculty of Electri-
cal and Mechanical Engineering of the National Tech-
nical University of Athens (1969–1974). He carried
out his doctor thesis at the Technical University of
Munich (1974–1978). He become teaching assistant
at the Technical University of Munich (1974–1978),
production engineer in the company “Vianox–Franke”
(1979–1980), teaching assistant at the National
Technical University of Athens (1979–1983) and

thereafter Lecturer (1983–1987), Assistant Professor
(1987–1991), Associate Professor (1991–1995) and

rofessor (since 1995) in the High Voltage Laboratory of the NTUA. He is the
uthor of eight books and more than 100 papers in scientific journals and con-
erences proceedings. He is lead assessor of the Hellenic Accreditation Council.


	Application of artificial neural network methods for the lightning performance evaluation of Hellenic high voltage transmission lines
	Introduction
	Previous research
	Artificial neural networks
	Feed-forward (FF) neural networks
	Radial basis function (RBF) neural networks

	Design of neural networks
	Neural networks architecture
	Characteristics of the examined transmission lines
	Derivation of training, validation and test data
	Feed-forward and radial basis function ANN designed models

	Test results
	Comparison of the FF and the RBF ANN methods
	Conclusions
	Acknowledgements
	References


