
Hindawi Publishing Corporation
Advances in Arti�cial Intelligence
Volume 2013, Article ID 316985, 8 pages
http://dx.doi.org/10.1155/2013/316985

Research Article
Arti�cial�Intelligence��ased �echni�ues to
Evaluate Switching Overvoltages during Power
System Restoration

Iman Sadeghkhani,1 Abbas Ketabi,2 and Rene Feuillet3

1 Department of Electrical Engineering, Islamic Azad University, Najafabad Branch, Najafabad 85141-43131, Iran
2Department of Electrical Engineering, University of Kashan, Kashan 87317-51167, Iran
3Grenoble Electrical Engineering Lab (G2ELab), Grenoble INP, BP46, 38402 Saint Martin d’Hères Cedex, France

Correspondence should be addressed to Iman Sadeghkhani; i.sadeghkhani@ec.iut.ac.ir

Received 19 May 2012; Revised 31 July 2012; Accepted 23 October 2012

Academic Editor: Richard Mitchell

Copyright © 2013 Iman Sadeghkhani et al. is is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

is paper presents an approach to the study of switching overvoltages during power equipment energization. Switching action is
one of the most important issues in the power system restoration schemes.is action may lead to overvoltages which can damage
some equipment and delay power system restoration. In this work, switching overvoltages caused by power equipment energization
are evaluated using arti�cial-neural-network- (ANN-) based approach. Bothmultilayer perceptron (MLP) trained with Levenberg-
Marquardt (LM) algorithm and radial basis function (RBF) structure have been analyzed. In the cases of transformer and shunt
reactor energization, the worst case of switching angle and remanent �ux has been considered to reduce the number of required
simulations for training ANN. Also, for achieving good generalization capability for developed ANN, equivalent parameters of the
network are used as ANN inputs. Developed ANN is tested for a partial of 39-bus New England test system, and results show the
effectiveness of the proposed method to evaluate switching overvoltages.

1. Introduction

In recent years, due to economic competition and deregula-
tion, power systems are being operated closer and closer to
their limits. At the same time, power systems have increased
in size and complexity. Both factors increase the risk of major
power outages. Aer a blackout, power needs to be restored
as quickly and reliably as possible, and, consequently, detailed
restoration plans are nec [1–4].

One of the major concerns in power system restoration
is the occurrence of overvoltages as a result of switching
procedures. ese can be classi�ed as transient overvoltages,
sustained overvoltages, harmonic resonance overvoltages,
and overvoltages resulting from ferroresonance. Steady-state
overvoltages occur at the receiving end of lightly loaded
transmission lines as a consequence of line-charging currents
(reactive power balance). Excessive sustained overvoltages
may lead to damage of transformers and other power sys-
tem equipment. Transient overvoltages are a consequence

of switching operations on long transmission lines, or the
switching of capacitive devices, and may result in arrester
failures. Ferroresonance is a nonharmonic resonance charac-
terized by overvoltages whose waveforms are highly distorted
and can cause catastrophic equipment damages [1, 5].

Overvoltage will put the transformer into saturation,
causing core heating and copious harmonic current genera-
tion. Circuit breaker called upon to operate during periods
of high voltage will have reduced interrupting capability.
At some voltage, even the ability to interrupt line-charging
current will be lost [6–8].

is paper presents the arti�cial neural network (ANN)
application for estimation of peak and duration of overvolt-
ages under switching transients during transformer, shunt
reactor, and transmission lines energization.

In [6], switching overvoltages during single-phase trans-
former have been evaluated using multilayer perceptron
(MLP) trained with Levenberg-Marquardt (LM) algorithm.
In this paper, three-phase transformer has been analyzed.
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Many time-domain simulations are required to train ANN
resulting in a large amount of simulation time. For the
transformer and shunt reactor energization study, this paper
uses a harmonic index which can calculate overvoltages for
the worst case of switching time and remanent �ux [6]. is
index reduces ANN training time effectively. Also, there is
no need to specify switching time and remanent �ux. A tool
such as proposed in this paper that can give the maximum
switching overvoltage and its duration will be helpful to the
operator during system restoration. Also it can be used as a
training tool for the operators. Developed ANN is tested for
a partial of 39-bus New England test system to illustrate the
proposed approach.

2. Study SystemModelling

e electrical components of the network are modeled using
the Power System Blockset (PSB) (MATLAB/Simulink-based
simulation tool [9, 10]). ese models should be adapted
for the desired frequency range (here the frequencies up to
𝑓𝑓 𝑓 𝑓𝑓𝑓𝑓𝑓 are considered to be sufficient). e generator
is represented by an ideal voltage source behind the sub-
transient inductance in series with the armature winding
resistance that can be as accurate as the Park model [11].
Phase of voltage source is determined by the load �ow
results. Transmission lines are described by distributed line
models. e circuit breaker is represented by an ideal switch.
e transformer model takes into account the winding
resistances (𝑅𝑅𝑓, 𝑅𝑅2), the leakage inductances (𝐿𝐿𝑓, 𝐿𝐿2), and the
magnetizing characteristics of the core, which is modeled
by a resistance, 𝑅𝑅𝑚𝑚, simulating the core active losses and a
saturable inductance, 𝐿𝐿sat.e shunt reactor model takes into
account the leakage inductance as well as the magnetizing
characteristics of the core, which is modeled by a resis-
tance, 𝑅𝑅𝑚𝑚, simulating the core active losses and a saturable
inductance, 𝐿𝐿sat. e saturation characteristic is speci�ed as
a piecewise linear characteristic [12]. All of the loads are
modeled as constant impedances.

�. Training �rti��ial �eural �et�or�

In this paper, two ANN structures have been used: multilayer
perceptron (MLP) trained with Levenberg-Marquardt (LM)
algorithm and radial basis function (RBF). Detailed struc-
tures of MLP-LM and RBF are presented in [13] and [14],
respectively.

Percentage error is calculated as follows:

error (%) 𝑓 |ANN − PSB|
PSB

× 𝑓𝑓𝑓. (1)

e sample system considered for explanation of the
proposed methodology and ANN training is a 400 kV extra-
high-voltage (EHV) network shown in Figure 1. e equiv-
alent circuit parameters are added to ANN inputs to achieve
good generalization capability for trained ANN. In fact, in
this approach ANN is trained just once for sample system of
Figure 1. Since ANN training is based on equivalent circuit
parameters, developed ANN can be used for every studied
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F 1: Sample systems for power components energization
study. (a) Transformer energization, (b) shunt reactor energization,
and (c) transmission line energization. G: generator,𝑅𝑅eqv: equivalent
resistance, 𝐿𝐿eqv: equivalent inductance, and 𝐶𝐶eqv: equivalent capaci-
tance.

system. In other words, it is just sufficient to convert every
studied system to the equivalent system of Figure 1, then it is
possible to use developed ANN to estimate overvoltages.

4. Transformer Energization Study

e major cause of harmonic resonance overvoltage prob-
lems is the switching of lightly loaded transformers at the
end of transmission lines.eharmonic-current components
of the same frequency as the system resonance frequencies
are ampli�ed in case of parallel resonance, thereby creating
higher voltages at the transformer terminals. is leads to
a higher level of saturation, resulting in higher harmonic
components of the inrush current that again results in
increased voltages. is can happen particularly in lightly
damped systems, common at the beginning of a restoration
procedure when a path from a black-start source to a large
power plant is being established and only a few loads are
restored yet [1, 5].

Normally for harmonic overvoltages analysis during
transformer energization, the worst case of the switching
angle and remanent �ux must be considered, which is a
function of switching time, transformer characteristics and
its initial �ux condition, and impedance characteristics of
the switching bus [12]. Using the worst switching angle and
remanent �ux, the number of simulations for each case can
be reduced signi�cantly.
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T 1: Effect of switching time and remanent �ux on the
maximum of overvoltages and duration of 𝑉𝑉peak > 1.3 p.u.

Switching
angle (deg.)

Remanent
�ux (p.u.)

𝑉𝑉peak
(p.u.)

Duration of
(𝑉𝑉peak > 1.3 p.u.) (s)

Transformer study
39 0.65 2.1961 0.7544
80 0.62 1.8095 0.4627
87 0.09 1.8831 0.8469
60 0.42 2.0482 0.5134
15 0.3 1.5319 0.2753

Shunt reactor study
20 0.27 1.9205 0.5628
20 0.65 1.5841 0.3394
75 0.27 1.6537 0.3064
60 0.5 1.5293 0.2675

In order to determine the worst-case switching time and
remanent �ux, the following index is de�ned as

𝑊𝑊 𝑊
10

ℎ𝑊2
𝑍𝑍𝑗𝑗𝑗𝑗 (ℎ) ⋅ 𝐼𝐼𝑗𝑗 ℎ, 𝑡𝑡0, 𝜙𝜙𝑟𝑟 , (2)

where 𝑡𝑡0 is the switching time, 𝜙𝜙𝑟𝑟 is the initial transformer
�ux, and ℎ is the harmonic order. is index can be a
de�nition for the worst-case switching condition and rema-
nent �ux. �sing a numerical algorithm, one can �nd the
switching time and remanent �ux for which 𝑊𝑊 is maximal
(i.e., harmonic overvoltages are maximal).

Figure 2(a) shows the result of the PSB frequency analysis
at bus 2 in Figure 1(a). e magnitude of the évenin
impedance, seen from bus 2, 𝑍𝑍bus 2, shows a parallel res-
onance peak at 246Hz. Figures 2(b), 2(c), and 2(d) show
changes of𝑊𝑊 index with respect to the current starting angle
and remanent �ux for three phases. As shown in Figure
2, 𝑊𝑊max,𝐵𝐵 is bigger than 𝑊𝑊max,𝐴𝐴 and 𝑊𝑊max,𝐶𝐶. erefore,
if simulation is performed based on switching angle and
remanent �ux related to𝑊𝑊max,𝐵𝐵, maximum overvoltages are
achieved. Table 1 summarizes the results of overvoltages
simulation for �ve different switching angles and remanent
�ux that includes𝑊𝑊max,𝐴𝐴 (80

∘ and 0.62 p.u.),𝑊𝑊max,𝐵𝐵 (39
∘ and

0.65 p.u.), and 𝑊𝑊max,𝐶𝐶 (87
∘ and 0.09 p.u.). Results verify the

effectiveness of𝑊𝑊 index.
As mentioned in [6], the most important aspects which

in�uence the transformer overvoltages are voltage at trans-
former bus before switching, line length, switching angle, sat-
uration curve slope, and remanent �ux.is information will
help the operator to select the proper sequence of transformer
to be energized safely with transients appearing safe within
the limits. As mentioned in a previous section, equivalent
resistance, equivalent inductance, and equivalent capacitance
have been added to ANN inputs to enhance generalization
capability. Based on (2) and Figure 2, switching angle and
remanent �ux are omitted from ANN inputs� thus, ANN
training procedure time is reduced signi�cantly. erefore,
in this paper for training ANN, the following parameters are
considered as ANN inputs:

(i) voltage at transformer bus before switching,
(ii) equivalent resistance of the network,
(iii) equivalent inductance of the network,
(iv) equivalent capacitance of the network,
(v) line length,
(vi) saturation curve slope.

e steps for harmonic overvoltages assessment and
estimation are listed as follows:

(1) determine the characteristics of transformer that
should be energized,

(2) calculate the 𝑍𝑍𝑖𝑖𝑖𝑖(ℎ) at the transformer bus for ℎ 𝑊
2𝑓𝑓0,… , 10𝑓𝑓0,

(3) compute the worst switching angle and remanent �ux
for simulation,

(4) run PSB simulation,
(5) determine the overvoltage peak and duration,
(6) repeat the steps 1 to 5 with various system parameters

to learn arti�cial neural network,
(7) test the arti�cial neural network with different system

parameters.

Schematic diagram of transformer energization study
during power system restoration is illustrated in Figure 3.

5. Study of Shunt Reactor Energization

Long EHV transmission lines are generally compensated by
means of shunt reactor sets. Reactor failures have directed
attention to the transient overvoltages generated by reactor
switching. Shunt reactors are applied to regulate the reactive
power balance of a system by means of compensating for
the surplus reactive power generation of transmission lines.
Reactors are normally disconnected at heavy load and are
connected to the lines at periods of low load. Consequently,
frequent switching is a signi�cant characteristic of shunt
reactors in order that they can react to the changing system
load condition [15].

Transients caused by shunt reactor switching have been
an important parameter in the design of the relevant equip-
ment (reactor, circuit breaker, and insulation) of power
systems [16]. Based on considered model for shunt reactor,
it is possible to use harmonic index which is de�ned in a pre-
vious section. Table 1 summarizes the results of overvoltages
simulation for four different switching angles and remanent
�ux that verify the effectiveness of𝑊𝑊 index for shunt reactor
energization study.

e most important parameters which in�uence the
shunt reactor overvoltages are voltage at shunt reactor bus
before switching, line length, switching angle, saturation
curve slope, remanent �ux, and shunt reactor capacity. �sing
𝑊𝑊 index, switching angle and remanent �ux have been omit-
ted fromANN inputs. Also, equivalent circuit parameters are
added to ANN inputs to increase generalization capability.
Consequently, in this case, the following parameters are
selected as ANN inputs:
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F 2: (a) Impedance at bus 2 and changes of𝑊𝑊 index with respect to current starting angle and remanent �ux in (b) phase �, (c) phase
B, and (d) phase C.

(i) voltage at shunt reactor bus before switching,
(ii) equivalent resistance of the network,
(iii) equivalent inductance of the network,
(iv) equivalent capacitance of the network,
(v) line length,
(vi) shunt reactor capacity,
(vii) saturation curve slope.

e steps of overvoltages assessment and estimation
follow:

(1) determine the characteristics of shunt reactor that
should be energized,

(2) calculate the 𝑍𝑍𝑖𝑖𝑖𝑖(ℎ) at the shunt reactor bus for ℎ =
2𝑓𝑓0,… , 10𝑓𝑓0,

(3) compute the worst switching angle and remanent �ux
for simulation,

(4) run PSB simulation,

(5) determine the overvoltage peak and duration,

(6) repeat the steps 1 to 5 with various system parameters
to learn arti�cial neural network,

(7) test the arti�cial neural network with di�erent system
parameters.

6. Transmission Line Energization Study

In most countries, the main step in the process of power
system restoration, following a complete/partial blackout,
is energization of primary restorative transmission lines.
Switching overvoltage is of a primary importance in insu-
lation coordination for extra-high-voltage (EHV) lines. e
objective of simulating switching overvoltage is to help for a
proper insulation coordination and would lead to minimize
damage and interruption to service as a consequence of
steady-state, dynamic, and transient overvoltage [17].

During the early stages of restoring high-voltage overhead
and underground transmission lines, concerns are with three
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F 3: ANN-based approach to analyze harmonic overvoltages
during transformer energization.

related overvoltages: sustained power frequency overvoltages,
switching transients (surges), and harmonic resonance. In the
early stages of the restoration, the lines are lightly loaded;
resonance therefore is lightly damped, which in turn means
that the resulting resonance voltages may be very high [1].

In order to reduce the steady-state overvoltage of no-
load transmission lines, a shunt reactor is connected at the
receiving end of transmission line.

In practical system, a number of factors affect the over-
voltages factors due to energization or reclosing. e most
important factors are voltage at sending-end bus of transmis-
sion line before switching, switching angle, line length, line
capacitance, and shunt reactor capacity. Equivalent circuit
parameters are added to ANN inputs to increase gener-
alization capability. Consequently, in this case, following
parameters are considered as ANN inputs:

(i) voltage at the sending-end bus of the transmission
line before switching,

(ii) equivalent resistance of the network,
(iii) equivalent inductance of the network,
(iv) equivalent capacitance of the network,
(v) closing time of the circuit breaker poles,
(vi) line length,
(vii) line capacitance,
(viii) shunt reactor capacity.

e steps for transient overvoltages estimation are listed
as follows:

(1) determine the characteristics of transmission line that
should be energized,

(2) run PSB simulation,
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F 4: Portions of 39-bus New England test systems: (a)
transformer energization, (b) shunt reactor energization, and (c)
transmission line energization.

(3) determine the overvoltage peak and duration,

(4) repeat the steps 1 to 3 with various system parameters
to learn arti�cial neural network,

(5) test the arti�cial neural network with different system
parameters.

7. Case Study

In this section, the proposed algorithm is demonstrated for
three case studies that are a portion of 39-bus New England
test systemwhich is shown in Figure 4, and its parameters are
listed in [18].

For training ANNs (three cases), all experiments have
been repeated for different system parameters which form
2000 sets. For producing these sets, ANN inputs have been
varied in proper range for each parameter. 1000 sets were
used to train each ANN, and 1000 sets were used to test each
ANN. Table 2 shows speci�cations of developed ANNs.

Figure 4(a) shows a one-line diagram of a portion of 39-
bus New England test system which is in restorative state.
e generator at bus 35 is a black-start unit. e load 19
shows cranking power of the later generator that must be
restored by the transformer of bus 19. When the transformer
is energized, harmonic overvoltages can be produced because
the transformer is lightly loaded. e equivalent circuit of
this system that is seen behind bus 16 is determined, and
values of equivalent resistance, equivalent inductance, and
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T 2: Speci�cations of trained ANNs.

Number of hidden layers Number of neurons in hidden layers Training time (epochs)
LM RBF LM RBF LM RBF

Transformer energization 2 2 8 10 45 72
Shunt reactor energization 2 2 8 10 61 95
Transmission line energization 2 2 7 9 53 68

T 3: Some sample testing data and output for LM algorithm.

Transformer energization
V L.L. VPSB VLM Error𝑉𝑉 TPSB TLM Error𝑇𝑇
0.9314 155 1.3252 1.3684 3.2576 0.1264 0.1237 2.1682
0.9668 182 1.4577 1.4324 1.7386 0.3819 0.3644 4.5937
0.9812 200 1.5031 1.4807 1.4928 0.3285 0.3378 2.8406
1.0435 215 1.6602 1.6498 0.6239 0.5094 0.5143 0.9571
1.0752 237 1.8535 1.9076 2.9175 0.6673 0.6438 3.5194
1.1373 256 1.9892 1.9396 2.4916 0.5961 0.6039 1.3058
1.1781 288 2.0545 2.0879 1.6271 0.7105 0.7197 1.2935
1.2098 310 2.0361 2.0934 2.8132 0.9254 0.9457 2.1962

Shunt reactor energization
V L.L. S.R. VPSB VLM Error𝑉𝑉 TPSB TLM Error𝑇𝑇
1.1442 150 70 1.5011 1.4497 3.4218 0.1936 0.1904 1.6459
1.1561 165 45 1.5453 1.5857 2.6149 0.2375 0.2351 1.0246
1.2302 178 30 1.6769 1.7241 2.8137 0.3469 0.3628 4.5728
1.2514 200 30 1.7481 1.7194 1.6424 0.3952 0.4043 2.3071
1.3326 215 23 1.9507 2.0117 3.1295 0.5104 0.5195 1.7915
1.3326 215 17 1.9914 1.9749 0.8261 0.5536 0.5571 0.6248
1.4165 230 17 2.1652 2.1759 0.4936 0.6742 0.6594 2.1963
1.4327 242 10 2.2479 2.2172 1.3674 0.7593 0.7395 2.6134

Transmission line energization
V L.L. S.R. S.A. VPSB VLM Error𝑉𝑉 TPSB TLM Error𝑇𝑇
0.9491 375 40 30 2.3508 2.4024 2.1962 0.3652 0.3704 1.4328
0.9127 240 40 30 2.2769 2.2328 1.9381 0.3107 0.3159 1.6649
0.9973 240 55 60 2.3016 2.3849 3.6172 0.3496 0.3458 1.0793
0.9754 195 12 75 2.3882 2.4523 2.6835 0.4073 0.4034 0.9458
1.0719 315 23 15 2.4195 2.4071 0.5124 0.4217 0.4257 0.9426
1.0592 282 45 5 2.3725 2.3413 1.3157 0.3846 0.3948 2.6419
1.0946 137 63 45 2.3596 2.3902 1.2984 0.3378 0.3424 1.3674
1.1123 346 10 53 2.8537 2.7944 2.0791 0.5449 0.5543 1.7204
V : voltage at power component bus before switching (p.u.), L.L.: line length (km), S.R.: shunt reactor capacity (MVAR), S.A.: switching angle (deg.), VPSB:
overvoltage peak calculated by PSB (p.u.), VLM: overvoltage peak calculated by LM (p.u.), TPSB: overvoltage duration calculated by PSB (s), TLM: overvoltage
duration calculated by LM (s), error𝑉𝑉: voltage error (%), and error𝑇𝑇: duration time error (%).

equivalent capacitance are calculated. In otherwords, the case
study system is converted to equivalent system as in Figure
1(a). Values of equivalent resistance, equivalent inductance,
and equivalent capacitance are 0.00326 p.u., 0.02793, and
1.8561 p.u., respectively. For testing trained ANN, values of
voltage at transformer bus (bus 19) and line length are varied,
and overvoltage peak and duration are calculated using
developed ANN. Table 3 contains the same sample result of
test data of transformer energization for LM algorithm, and
Table 4 has these data for RBF structure.

As another example, the system in Figure 4(b) is exam-
ined. In the next step of the restoration, unit at bus 6 must
be restarted. In order to reduce the steady-state overvoltage
of no-load transmission lines, the reactor at bus 6 should be
energized. In this condition, harmonic overvoltages can be
produced. Aer calculating equivalent circuit seen from bus
5, various cases of shunt reactor energization are taken into
account, and corresponding overvoltages peak and duration
are computed from PSB program and trained ANN. In this
case, values of equivalent resistance, equivalent inductance,
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T 4: Some sample testing data and output for RBF structure.

Transformer energization
V L.L. VPSB VRBF Error𝑉𝑉 TPSB TRBF Error𝑇𝑇
0.9314 155 1.3252 1.3496 1.8426 0.1264 0.1274 0.8255
0.9668 182 1.4577 1.4526 0.3479 0.3819 0.3694 3.2697
0.9812 200 1.5031 1.4759 1.8103 0.3285 0.3356 2.1762
1.0435 215 1.6602 1.6156 2.6851 0.5094 0.5183 1.7531
1.0752 237 1.8535 1.8772 1.2794 0.6673 0.6802 1.9357
1.1373 256 1.9892 2.0191 1.5008 0.5961 0.5929 0.5374
1.1781 288 2.0545 2.0150 1.9217 0.7105 0.6911 2.7264
1.2098 310 2.0361 2.0791 2.1135 0.9254 0.9386 1.4215

Shunt reactor energization
V L.L. S.R. VPSB VRBF Error𝑉𝑉 TPSB TRBF Error𝑇𝑇
1.1442 150 70 1.5011 1.5268 1.7135 0.1936 0.1881 2.8214
1.1561 165 45 1.5453 1.5356 0.6281 0.2375 0.2268 4.5184
1.2302 178 30 1.6769 1.6141 3.7428 0.3469 0.3557 2.5369
1.2514 200 30 1.7481 1.7206 1.5746 0.3952 0.3902 1.2657
1.3326 215 23 1.9507 1.9955 2.2974 0.5104 0.5214 2.1624
1.3326 215 17 1.9914 1.9295 3.1108 0.5536 0.5612 1.3751
1.4165 230 17 2.1652 2.2251 2.7659 0.6742 0.6407 4.9752
1.4327 242 10 2.2479 2.2811 1.4782 0.7593 0.7809 2.8395

Transmission line energization
V L.L. S.R. S.A. VPSB VRBF Error𝑉𝑉 TPSB TRBF Error𝑇𝑇
0.9491 375 40 30 2.3508 2.3126 1.6245 0.3652 0.3748 2.6184
0.9127 240 40 30 2.2769 2.3064 1.2951 0.3107 0.3051 1.7963
0.9973 240 55 60 2.3016 2.3363 1.5084 0.3496 0.3421 2.1507
0.9754 195 12 75 2.3882 2.3757 0.5219 0.4073 0.4126 1.2985
1.0719 315 23 15 2.4195 2.3328 3.5826 0.4217 0.4297 1.9046
1.0592 282 45 5 2.3725 2.3924 0.8397 0.3846 0.3691 4.0293
1.0946 137 63 45 2.3596 2.2892 2.9841 0.3378 0.3306 2.1266
1.1123 346 10 53 2.8537 2.8927 1.3682 0.5449 0.5399 0.9157
V : voltage at power component bus before switching (p.u.), L.L.: line length (km), S.R.: shunt reactor capacity (MVAR), S.A.: switching angle (deg.), VPSB:
overvoltage peak calculated by PSB (p.u.),VRBF: overvoltage peak calculated by RBF (p.u.), TPSB: overvoltage duration calculated by PSB (s), TRBF: overvoltage
duration calculated by RBF (s), error𝑉𝑉: voltage error (%), and error𝑇𝑇: duration time error (%).

and equivalent capacitance are 0.00577 p.u., 0.02069, and
0.99 p.u., respectively. e summary of few results is pre-
sented in Table 3 for LM algorithm and Table 4 for RBF
structure.

For testing developed ANN for transmission lines ener-
gization study, the system in Figure 4(c) is examined, that is,
another portion of 39-bus New England test system. In the
next step of the restoration, line 26_29 must be restarted. As
mentioned before, �rst this system is converted to equivalent
circuit of Figure 1(c). In this case, values of equivalent
resistance, equivalent inductance, and equivalent capacitance
are 0.00792 p.u., 0.0247, and 1.1594 p.u., respectively. For
testing developed ANN, various cases of transmission line
energization are taken into account, and corresponding
peak and duration of overvoltages are computed from PSB
program and trained ANN. e summary of few results
is presented in Table 3 for LM algorithm and Table 4 for
RBF structure. It can be seen from the results that the LM
algorithm and RBF structure are able to estimate overvoltage

peak and duration with good accuracy. Maximum voltage
and duration time error for LM algorithm are 3.6172% and
4.5937%, respectively. ese errors are proper for power
systems because the acceptable range for voltage variation
is ±5%. Also, maximum voltage and duration time error for
RBF structure are 3.7428% and 4.9752%, respectively, which
are within the acceptable range.

8. Conclusion

is paper introduced an ANN-based method to evaluate
switching overvoltages during power equipment energiza-
tion. Both MLP-LM and RBF structures have been used to
train ANN. To achieve good generalization capability for
developed ANN, its training is performed using equivalent
circuit parameters of the network. For transformer and shunt
reactor studies, a harmonic index has been used which eval-
uates switching overvoltages for the worst case of switching
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time and remanent �ux. is index reduces training time of
ANN effectively. Also, there is no need to specify switching
time and remanent �ux. e results from both LM and RBF
schemes are close to results from the conventional method
and can assist prediction of the overvoltage of other case
studies within the range of training set. Simulation results
for a partial 39-bus New England test system show that
the proposed method can evaluate switching overvoltages
properly, and it can be used as an operator-training tool
during power system restoration.
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